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Abstract
The class imbalance problem occurs when the distribution among classes is not balanced. This can be a problem that
causes classifier models to bias toward classes with many training samples. The class imbalance problem is inherent in text
classification. The abstract feature extraction method is a versatile term weighting scheme. It serves not only as a feature
extractor to form a structural form from unorganized text data but also as a dimension reduction technique and classifier.
In this study, we tackle the problem of class imbalance in abstract feature extraction. The proposed method utilizes relative
imbalance ratio as a factor to elevate the representation of minority classes. Besides, we also integrate relevant term factors
to boost the general accuracy. Experiments conducted with three different data sets, one of which is collected for this study,
show that the original abstract feature extraction method indeed suffers from the class imbalance problem and the proposed
methods demonstrate significant improvements in terms of f 1-micro, f 1-macro, and Matthew’s correlation coefficient.
The experimental results also suggest that the proposed method is a competitive classifier and term weighting scheme when
compared to the well-known classifiers (KNN, SVM, and Nearest Centroid) and term weighting schemes (TF-IDF, TF-ICF,
TF-ICSDF, TF-RF, TF-PROB, TF-IGM, and TF-MONO).
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1 Introduction

Most of the daily routines have been already moved
to online avenues. People perform various transactions
online; thus, the amount of data created online has been
steadily increasing [11]. Therefore, online services that
can automatically retrieve related content like Google are
indispensable. Even personal data that kept offline has
grown so much that people are in need of such services that
can perform categorization or classifications. It is clear that
the volume of data kept for either personal needs or not
has surpassed the human ability to handle it. Therefore, a
way of automatic handling of data is a must to organize the
documents for easy access.
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Text classification, which is the main concern in this
study, is one of such efforts. Text classification is related
to the general concept of classification [1], and the task is
the process of organizing unseen text documents into prede-
fined classes according to a model generated from labeled
ones. The problem of text classification can be broken into
four steps: feature extraction, dimension reduction, model
creation, and evaluation [16]. In broad terms, feature extrac-
tion is the method of converting unstructured text data to
structured form to be used in the created model [16]. Some
pre-processing such as eliminating stop-words or stemming
can be applied before the feature extraction. Since feature
extraction in text classification generally results in a high
dimensional representation of data, usually matrix factor-
ization techniques are employed for dimension reduction
to use classification algorithms efficiently. After dimension
reduction, a classification algorithm is utilized to create
a model for the unseen text documents. The last step is
the evaluation step to measure the performance of the
algorithm.

Abstract feature extraction method [3], AFE, is one of
the feature extraction methods in the text classification
literature. Although its primary task is to create a structured
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feature vector from unstructured text, it also serves as
a dimension reduction and classification technique. AFE
method creates a feature vector of size I × 1 for each
document, where I is the number of classes in the training
set. Each feature in AFE is associated with a class. Since
AFE automatically decreases the number of features into
the number of classes, it acts as a dimension reduction
technique as well. Moreover, the values of all features
always add up to 1, and the related feature value is the
probability of the document being a member of the class
associated with it. Such property enables AFE to be used
as a classifier as well as feature extraction and dimension
reduction techniques. The effectiveness of AFE in these
respects is extensively studied by [3].

Our specific motivation in this study is the data or class
imbalance problem. Data or class imbalance occurs when
class samples have different frequencies. In such a case,
some of the classes are represented with many samples,
while some others are represented with few samples [13, 15,
26]. Assume that we are assigned with news classification
in different genres such as sports and finance. The natural
class distribution between these could differ. The training
set of articles that will decide the classification model
could contain many articles for sports compared to finance.
Many classifiers are sensitive to class distributions and
general prediction accuracy metrics bias toward the majority
class [20]. Such imbalanced data sets are common in text
classification problems [18, 19, 30]. Inspired by the class
imbalance fact and AFE, we scrutinize AFE in case of data
imbalance in this study. The contribution of the study can be
summarized as follows.

1. It is shown that the AFE suffers from the class
imbalance problem. We tackle the class imbalance
problem by introducing a factor based on imbalance
ratio to elevate the representation of minority classes.
Besides, we also propose to include a supervised
term weighting factor, which determines relevant
terms, to boost the general accuracy as well. Our
proposed methods; therefore, do not only tackle the
class imbalance problem but also improve the general
accuracy significantly.

2. When used as a classifier, the proposed methods
achieve a decent performance in terms of evalua-
tion metrics, which are f 1-micro, f 1-macro, and
Matthew’s correlation coefficient, MCC. Moreover, the
proposed approaches outperform the original AFE. We
also compare the proposed approach with well-known
classifiers. Results are promising to argue that the
proposed method is a competitive classifier.

3. Significant improvements have been also achieved
when AFE is utilized as a feature extraction (usually

known as term weighting) and dimension reduction
method to be used in classifiers, such as K-nearest
neighbors, KNN, support vector machines, SVM, and
nearest centroids, NC. Our proposed method has
been compared to the state-of-the-art term weighting
schemes. Results suggest that our proposed method
outperforms the term weighting scheme in the literature
when the number of features is reduced to the number
of classes by three different feature selection methods.

4. Since we had difficulty in finding imbalanced text
classification data set during our research, we also
collected a data set from the Reuters UK website
not only to utilize in our experiments but also to
show that the natural distribution of text documents is
imbalanced [19]. The collected data set will be publicly
available for other researchers as well.

The rest of the paper is organized as follows. Section 2
explains the related work. AFE method is described in
Section 3 as preliminary. Our contributions to AFE are
represented in Section 4. Experiments are reported in
Sections 5, and 6 gives the concluding remarks.

2 Related work

The aim of this paper is to handle the data or class imbalance
problem, where some classes are represented by more
samples while some other classes are represented by few
samples, in text classification by utilizing AFE. Since AFE
is a method based on term weighting, in this subsection, we
focus on explaining different term weighting schemes.

Text classification can be performed as following [6]:

– Document indexing: internal representation of docu-
ments

– Term selection: selecting a subset of terms
appearing in documents to be used as features
for documents

– Term weighting: assessing how much a
selected term influences characteristics of the
relevant document

– Classifier learning: the creation of a learner model from
the training documents

Since this paper primarily focuses on term weighting
schemes, we elaborate term weighting schemes in this
section. Term weighting schemes are broadly categorized
into two groups, unsupervised and supervised. Unsuper-
vised schemes do not leverage class or category membership
while the supervised schemes do. In following subsections,
we will review existing works in both.
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2.1 Unsupervised term weighting schemes

The term weighting approach has long been studied in
information retrieving literature by term frequency, TF,
and inverse document frequency, IDF. TF represents how
frequent the related term is while IDF informs that rare
terms are more determinant than frequent terms. Basically,
T F (tk, dj ) is the term frequency of a term tk in a document
dj , and IDF(tk, dj ) is the inverse document frequency,
which is the number of documents, N , divided by the
number of documents having tk as a term at least once,
Ntk . Notice that IDF(tk, dj ) prioritizes rare terms by the
inverse frequency of documents having tk at least once.
The related TF-IDF assumption is usually represented by
their multiplication. After TF-IDF is calculated, weights
can be obtained by a normalization. Note that a sub-
linear function such as log is usually used to dampen
the effect of high occurrences in both TF and IDF
calculations.

Weighted inverse document frequency, WIDF, which
is an extension of IDF and replaces it in TF-IDF
calculation [28]. The authors state that if different texts
contain a certain term, then IDF treats all of them equally
without considering how many times the term occurs in
them. In other words, the term frequency is neglected,
instead, a binary counting is performed. They propose
WIDF, which assesses the frequency of the term, tk , in
a document, dj , rather than binary counting. Therefore,
WIDF is a factor that replaces binary counting of IDF
with term frequencies, TF. Modified inverse document
frequency, MIDF, is defined by [7]. In MIDF, the document
frequency is normalized by the sum of term frequencies.
Empirical results show that it outperforms both WIDF and
TF-IDF. [25] includes missing terms as a factor in TF,
IDF, and TF-IDF. Their method considers the missing terms
from the document and the number of documents that do
not contain the term. They propose modified TF, IDF, and
TF-IDF based on this assumption.

2.2 Supervised termweighting schemes

Since the aforementioned term weighting methods do not
utilize class membership information of documents, they
are referred to as unsupervised. [6]’s seminal paper [6]
distinguishes this fact and proposes supervised term
weightings. The supervised term weighting generally
considers four fundamental class membership information
as in Table 1 [2]. Here, A represents the number of
documents that belong to ci and have the tk at least once.
B is the number of documents that do not belong to ci and
have tk at least once. C represents the number of documents
that belong to ci and do not have any tk . Finally, D is the
number of documents that both do not belong to ci and

Table 1 Contingency table for supervised term weighting schemes

ci ci

tk A B

tk C D

have any tk . N is the number of total documents, which
N = A + B + C + D.

Supervised term weighting schemes, chi-square, infor-
mation gain and gain ratio, are proposed by [6]. The authors
claim that these functions, which are calculated from train-
ing samples, can be better substitutes for IDF. They can be
computed by utilizing fundamental class information given
in Table 1. One can refer to [19] for corresponding calcu-
lations, we skipped those to keep the paper concise. They
can be utilized as dimension reduction technique as well by
selecting top features.

Relevance frequency, RF, factor is proposed by [17]. RF
favors terms that are concentrated on the positive category.
Therefore, it uses inter-class information, which is A/B . If
this ratio is greater for a term, it means that that the term
occurs more in the related class, so it is assigned more
weight. The authors propose TF-RF that makes RF a factor
of TF.

The class imbalance problem in text classification, which
is also the primary focus of this study, is addressed by [19].
The scholars claim that A/B ratio should be higher for
term tk with respect to a specific category because it indi-
cates that the related term is more relevant to the category.
Likewise, given two terms tk and tz, they also claim that
the term with higher A/C represents ci better because the
larger portion of it occurs in ci . Based on their assump-
tions, they propose probability-based term weighting,
TF-PB.

Wang et al. [29] argue that term distribution among
classes rather than among documents should be considered.
They propose inverse category frequency, ICF, which is
the ratio of total number of classes, I , to the number of
classes that tk occurs at least once, CF(tk). This method
combined with TF will be called TF-ICF. The authors state
that the intuition behind the ICF approach is that if a term
appears in fewer categories, it becomes more distinguishing
for text classification. ICF also favors rare terms and handles
the class imbalance problem as well. Experimental results
report that the TF-ICF approach outperforms TF, IDF, TF-
IDF in terms of f1-macro metric.

Ren and Sohrab [24] discusses TF-IDF-ICF instead
of TF-ICF and proposes the inverse class-space-density
frequency, ICSDF, which uses prior knowledge of the class
space. Instead of directly giving low scores to the terms
appearing in multiple classes, they consider class density
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Table 2 Summary of term weighting schemes used in comparisons

Term weighting schme Formula

TF-IDF T F (tk, dj ) × IDF(tk, dj )

TF-IDF-ICF T F -IDF ×
(

1 + log
(

I
CF (tk )

))

TF-IDF-ICSDF T F -IDF ×
(

1 + log2

(
I∑

ci
CD(tk )

))

TF-RF T F × log2

(
2 + A

max(B,1)

)

TF-PROB T F × log2
(
1 + A

B
A
C

)

TF-IGM T F × fk1∑m
r=1 fkr×r

TF-MONO T F × MONOglobal(tk)

score, CD, which is the ratio of the number of documents
having term, tk , at least once and is a member of ci to the
number of documents in ci . The class space density, CSDF,
of each term is calculated by summing all CD scores over
all classes. CSDF considers class densities to weight the
term, and its inverse, ICSDF, is used as a multiplication
factor in TF-IDF, which is called, TF-IDF-ICSDF

Chen et al. [5] claim that the inter-class distribution
has a distinguishing power and measures the inter-class
distribution by inverse gravity moment, IGM. In IGM, class
frequencies are sorted in a descending order, and IGM is
defined as the ratio of maximum class frequency to over all
frequencies which are weighted by their rank (distance to
the origin). Dogan and Uysal [8] improve IGM by updating
the denominator part.

Dogan and Usyal [10] propose a method that utilizes
maximum occurrences, MO, and non-occurrences, NO,
called TF-MONO. Their method sorts the document
frequencies and the class with maximum occurrences,
which is MO, is separated from the rest, which are NO.
Then, MO and NO ratios are calculated, which are the ratio
of the corresponding frequencies to the number of total
documents in MO and NO groups. Then, MO and NO ratios
are multiplied to calculate MONO. The MONO ratio in the
global sense is multiplied by TF to weight them by term
frequencies, which is called TF-MONO.

This study aims to address the class imbalance problem
in text classification through AFE. Although some studies
address the same problem [19, 29], the way we approach the
problem differs from these studies. Relevance indicators are
utilized by [19], and [29] exploit inverse class frequencies
while we propose an imbalance ratio based factor into
AFE, which results in different class-specific imbalance
ratio. Besides, we also utilize A/B to boost the general
accuracy, which is in part used by [19] as well. Besides, we
compare our method with other term weighting schemes in
the literature. Therefore, Table 2 lists those term weighting
schemes that we compare our method with for the interested
readers.

3 Preliminaries

As mentioned earlier, AFE [3] is a powerful tool that can
serve as (i) a feature extraction method (term weighting in
the general sense), (ii) a dimension reduction technique, and
(iii) a classifier. In this section, we will define the steps in
AFE so that our contributions in the next section can be
clearly given.

AFE is very similar to TF-IDF method except for
TF part. In general, TF represents the number of times
a term occurs in a relevant document. However, AFE
utilizes class- or category-wide frequencies for each term
occurring in a document. The steps of AFE can be listed as
below:

1. The total number of occurrences of a term, tk , in a class,
ci , is calculated for each term in any document

n(tk, ci) =
∑
j

n(tk, dj ), dj ∈ ci (1)

2. Calculate weight, wk,i , how much the term, tk , affects
the relevant class, ci

wk,i = log (n(tk, ci)) × IDF (2)

3. Repeat for all documents to calculate the total effects of
features for dj in ci

Yj,i =
∑

k

wk,i, tk ∈ dj (3)

4. Normalize to get abstract features, AFj,i .

AFj,i = Yj,i∑
i Yj,i

(4)

The method above produces a vector of I , where I is
the number of classes, for each dj . Each feature represents
dj ’s probability to belong to the relevant class, ci . Since
it is guaranteed that AFE outputs I number of features, it
can be referred to as a dimension reduction technique as
well. Due to normalization, the features sum up to exactly
1. Moreover, AFE can be utilized as a classifier model by
assigning a document into a class whose feature value is
the largest. That is why AFE can be also referred to as a
classifier.

Although AFE [3] remains relatively unnoticed in the
term weighting literature, it deserves attention due to its
versatility and reported accuracy as a feature extraction and
dimension reduction technique. In this study, we scrutinize
AFE and propose some improvements to it. Notice that Step
2 (2) is the most critical phase of the AFE because weights
are calculated. We believe that AFE can achieve better text
classification results by introducing some updates on that
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step. We specially focus on the class imbalance problem and
propose an update in (2). Furthermore, class-specific factors
can be integrated into (2) since AFE works with class-
wide frequencies of a term, n(tk, ci), not term-document
frequencies, TF. In this sense, IDF alone is a metric that
does not consider the class information, so we propose a
metric considering the class membership information of
the term. Consequently, the next section introduces the
proposed methods to improve AFE in these respects.

4 Improving AFE by elevatingminority
classes and relevant terms

In this section, our proposed improvements to the AFE [3]
method are given. Our primary concentration is to promote
minority classes, ones with fewer samples, against majority
classes, ones with many samples. Besides, we also aim to
modify AFE with relevant terms so that it can serve as a
competitive classifier in addition to its feature extraction and
dimension reduction capabilities.

4.1 Abstract feature extraction withminority
elevation, AFE-ME

We tackle the class imbalance problem in AFE by
introducing a factor that measures the imbalance between
classes. We intend to scale the n(tk, ci) of (2) in favor of
minority classes. Imbalance in a classification problem can
be measured by the number of training samples each class
has. Formally, the imbalance ratio, IR, is the ratio between
the class with the maximum number of samples and the
class with the minimum number of samples [4, 22] as given
in (5)

IR = max (|C1|, |C2|, ..., |Ci|, ..., |CI−1|, |CI |)
min (|C1|, |C2|, ..., |Ci|, ..., |CI−1|, |CI |) , (5)

where |Ci | represents the number of samples that class
ci has. IR in (5) gives a summary statistic for the whole
data set. However, our intention is to scale n(tk, ci) in (2)
to promote minority classes; therefore, we need a metric
that would result in greater values for minority classes
and smaller values for majority classes. Such a measure
helps AFE method strengthen the minority classes against
the majority classes. Therefore, we define the relative
imbalance ratio, RIR, which is a metric that can be
computed for each class. RIR is given in (6)

RIRi = max (|C1|, |C2|, ..., |Ci|, ..., |CI−1|, |CI |)
|Ci | , (6)

where RIRi is RIR for ci , and it measures the imbalance
ratio between the relevant class, ci , and the class with

maximum number of samples. Furthermore, RIRi returns
smaller values for majority classes while it returns larger
values for minority classes. Since n(tk, ci) is class-wide
frequencies of tk , n(tk, ci) will probably be dominated
by the majority classes. RIRi ; therefore, can strengthen
minority classes if it is used in (2) (step 2 of AFE).
Consequently, we propose to update (2) in AFE in favor of
minority classes as formalized in (7)

wk,i = log (n(tk, ci)) × IDF × log
(

1 + RIR
1/p
i

)
, (7)

where p is a parameter that can further scale RIRi and
can be set experimentally for the related data set. We
call this method AFE-ME, abstract feature extraction with
minority elevation, since weightings of minority classes are
elevated. Introducing AFE-ME will help us address the class
imbalance problem. Our intention to add such a parameter
can be summarized as follows: if the number of times a
term occurs at least once in a minority class should be
elevated against its number of occurrences against majority
classes because majority classes have more documents for
a term to appear. The AFE method does not fulfill this
assumption with its original version. To illustrate with an
example, consider a case where a term, tk , occurs 99 times in
a minority class ci , whose RIRi = 20. The very same term,
tk , occurs 99 times in another class ci+1 whose RIRi+1 is
2, meaning that it is one of the majority classes compared
to ci . Assume that IDF for tk is 2. Then, both weightings
for tk , which are wk,i and wk,i+1, are equal, log (1 + 99) ×
2 = 4, if AFE is utilized as is. However, we hypothesize
that the weighting of tk for ci should be higher than ci+1

because the class-wide frequencies (n(tk, ci)) for both ci

and ci+1 are equal even though the number of documents
appearing in ci+1 is 10 times greater than the number of
documents appearing in ci , which we can infer from RIRi

and RIRi+1. Obviously, tk is a more important term for
ci than ci+1; therefore, it should be weighted accordingly.
This is what we achieve by AFE-ME with RIRi factor to
elevate minority classes’ weightings. If we implement the
proposed weighting in AFE-ME with p = 1, wk,i becomes
4× log

(
1 + 201

) ≈ 5.29 while wk,i+1 is 4× log
(
1 + 21

) ≈
1.91.

4.2 Abstract feature extraction with relavant terms,
AFE-RT

Recall that wk,i in (2), which calculates how much tk affects
the class, is the essence of AFE. AFE method achieves
to get I number of features thanks to it. Recall that I

is the number of classes. wk,i relies on n(tk, ci), which
is the class-wide frequency of tk . However, AFE scales
n(tk, ci) only by IDF, which is an unsupervised method
meaning that it does not consider the class membership of
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tk . Unlike TF that IDF is closely related, n(tk, ci) is closely
related to the class-membership information. Therefore,
class membership information could be integrated into
the equation. We propose to use an inter-class relevance
indicator [19], A/B . Table 1 in Section 2 lists A and B .
Recall that A is the number of documents belonging to
ci that tk occurs at least once while B is the number of
documents not belonging to ci that tk occurs at least once.
The rationale behind our proposal is that if tk is a relevant
term to ci , it should occur in more documents of ci . A/B

ratio tends to be higher if tk is highly relevant to ci [19].
Therefore, we hypothesize that wk,i calculation in (2) of
AFE should be substituted for (8), say AFE-RT, abstract
feature extraction with relevant terms.

wk,i = log (n(tk, ci)) × IDF

× log

(
1 + A

max (1, B)

)
(8)

Besides AFE-RT expansion, we can combine it with
our AFE-ME approach in the previous subsection to boost
the accuracy for minority classes as well. So, our final
equation for wk,i is given in (9), which we call AFE-
MERT, abstract feature extraction with minority elevation
and relevant terms.

wk,i = log (n(tk, ci)) × IDF

× log
(

1 + RIR
1/p

i

)
× log

(
1 + A

max (1, B)

)
(9)

4.3 Complexity analysis

Before giving the complexity analysis of the proposed AFE-
MERT methods, Table 3 lists the abbreviations used in this
subsection. Notice in the table that U and S are different. U

is the total number of unique term in the corpus while S is
the sum of the number of unique terms in each independent
file and S ≥ U .

Table 3 Notations used in the complexity analysis

Description Notation

The number of documents N

The number of terms a document, dj , has |dj |
The number of total terms in corpus T = ∑N

j=1

∣∣dj

∣∣
The number of unique terms in a document, dj |dj |u
The sum of all unique terms in each document S = ∑N

j=1

∣∣dj

∣∣
u

The number of unique terms in corpus U

The total number of classes I

The first step, (1), requires each document in the corpus
to be scanned to count class wide frequencies of each
term, tk . Therefore, this step requires O(T ). Meanwhile,
IDF calculation, which is in (2), needs the number of
documents that each term occurs and it can be calculated
at this step with no cost of extra repetition. After this
partial computation, IDF can be finalized in O(U), by
traversing all calculated values of all unique terms in the
corpus. Similarly, A in Table 1, which is used in AFE-RT,
is calculated here with no cost. In (2), the effect of each
unique term to the relevant class, ci , must be calculated.
Then, the total number of repetitions would be O(U ×
I ). Our proposed method, AFE-MERT, is plugged into
this part of the equation, (9). AFE-MERT is composed
of AFE-ME and AFE-RT. The time complexity of the
proposed AFE-ME method is O(I 2) because one round
calculates max (|C1|, |C2|, ..., |Ci|, ..., |CI−1|, |CI |) and the
second round calculates RIRi in Eq.6 for each class, ci .
AFE-RT requires both A and B in Table 1 to be calculated.
Remember that A is calculated in step 1. The run time of B

is O(U×I ) because it is calculated for each unique term and
classes. After B is known, A/B ratio should be calculated
for each unique term with global maximization function
in O(U × I ). The final run time for AFE-RT; therefore,
becomes O(2 × U × I ). The total run time of the proposed
method, AFE-MERT, in (9) including IDF calculation is
O(U + I 2 + 3 × U × I ). (3) calculates the overall weight
of each document for all classes. We need to traverse the
weights of unique terms in each document for each classes,
O(S × I ). The last step is the normalization of the overall
weights, which is O(N × I ). When all steps considered, the
total complexity is O(T +U+I 2+3×U× I+S×I+N×I ).

5 Experiments

5.1 Data sets

Three different data sets, Reuters-215781, 20 newsgroups2,
and ReutersUK, have been utilized throughout the exper-
iments. Reuters-21578 is a well-known benchmark data
set. We accessed the data set through Natural Language
Toolkit3, NLTK, a module in Python. The original Reuters-
21578 is an imbalanced data set of 90 different classes with
train and test sets. Some documents belong to more than
one class; therefore, we pre-processed the data set. In our
pre-processed version of Reuters-21578, we kept documents
belonging to only one class from train set. There remain 58

1Reuters-21578 retrieved from Python Natural Language Toolkit
220 newsgroups retrieved from http://qwone.com/∼jason/20Newsgroups/
3https://www.nltk.org/
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classes with 6,577 training documents. The IR for Reuters-
21578 is 2,840 (the most dominant class has 2,840 training
samples while the least one has just 1 training samples). Our
second data set is 20 newsgroups data set (bydate version),
which is a relatively balanced one. It includes 20 different
classes. The data set includes 18846 documents with 11,314
train and 7,532 test documents. The IR is 1.591 (the most
dominant class has 600 training samples while the least
one has 377 training samples). Since we have only Reuters-
21578 to represent the imbalanced class problem, we also
collected data from ReutersUK4 between November 13 and
October 13, 2020. The collected data set includes 14 dif-
ferent classes and the IR for the data set is 123.47. The
ReutersUK data set is available for researchers5.

5.2 Evaluation criteria

Three different evaluation metrics have been used to
evaluate the performance of the proposed methods. We use
f 1-micro, f 1-macro, and MCC. Assuming true positives,
false positives, and false negatives are given by TP, FP, and
FN, respectively. f 1-micro and f 1-macro, are given in
(11) and (12) based on f 1-score in (10), respectively.

f 1-score = 2 × precision × recall

precision + recall
(10)

f 1-micro = 2×∑I
i=1 T Pci

2×∑I
i=1 T Pci

+∑I
i=1 FPci

+∑I
i=1 FNci

(11)

f 1-macro = 1

I

I∑
i=1

f 1-scoreci (12)

f 1-macro takes averages of individual f 1-scores of
all classes, so f 1-scores of minority and majority classes
are weighted equally. This metric informs us whether
minority classes are predicted correctly. On the other
hand, how well minority classes are predicted cannot be
observed by f 1-micro metric because f 1-micro calculates
a global average. Since majority classes have many samples
compared to minority classes, the f 1-micro score is
dominated by the large sample size of majority classes. We
use both metrics to demonstrate this obvious effect.

MCC can be utilized when classes are of different
sizes [21]. It returns between -1 and 1. While 1 represents
a perfect agreement between prediction and observations,
-1 is opposite. Unlike metrics that are influenced by the
presence of majority classes like f 1-micro, MCC is more

4http://uk.retuers.com
5https://github.com/mrtokk

informative to express the relation between predictions and
observations. The formulae for MCC is given in (13).

MCC = T P×T N−FP×FN√
(T P+FP)(T P+FN)(T N+FP)(T N+FN)

(13)

5.3 Methodology

Although Rueters-21578 and 20 newsgroups data sets have
already both training and test samples, we use 10-fold cross
validation for all data sets in our experiments. Therefore,
we only utilize training samples of Rueters-21578 and
20 newsgroups data sets. Since some classes have less than
10 samples and 10-fold cross validation is conducted, we
did random oversampling to have at least 10 samples.

We applied some pre-processing before the feature
extraction. We tokenized each word, removed punctuation,
and kept the words whose length is greater than 1. Then,
each word is lowered, stop words are removed. Finally, we
did the stemming with Porter stemming algorithm [23] via
NLTK.

5.4 Classifiers

The classifiers used in the experiments are briefly given in
this subsection. We utilize KNN, NC, and SVM, which are
frequently used classifiers in text classification literature [5,
8, 9, 17, 29].

Unlike eager learners that construct a model when
training samples are given, KNN algorithm is a lazy learner,
which waits until a test sample to be given to make
a prediction [14]. Given a test sample, KNN algorithm
computes its similarity to the training samples. The closest
k training samples are determined as neighbors, where k-
nearest neighbor analogy derives from. By majority voting,
the test sample is assigned to the most frequent class
among selected k-nearest neighbors. In KNN, the number
of neighbors, k, is an important parameter to report for
reproducibility. k is 10 in our experiments.

In NC, a centroid is calculated from training samples for
each class. A centroid defines the center of class samples.
It can be calculated based on statistics such as mean or
median. Each class is represented by its centroid, and the
model creation is to discover centroids for each class. Since
each class is represented by a prototype, centroids in this
case, an unseen sample is assigned to the class whose
centroid is the closest.

SVM classifies both linear and non-linear data and is a
suitable method to work with high dimensional data, which
is the case for text classification. SVM represents a decision
boundary to separate samples of one class from another by
using samples from the training set, which are known as
support vectors [27]. It transforms the original data into a
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higher dimension, and this dimension is used to search a
decision boundary with maximal margin [27]. Each decision
boundary is associated with a pair of hyper-plane. A hyper-
plane is parallel to the decision boundary and it touches
data points (samples), which are indeed support vectors.
The distance from the decision boundary to the support
vectors is called margin, and SVM looks for maximal
margin hyper-plane. Larger margins tend to generalize
future samples better than the smaller margins [27]. In
the experiments, we used linear SVM through scikit-learn6

module’s LinearSVC [12] class with default settings in
Python.

5.5 Experimental results

In this section, we experimentally test our proposed
improvements on AFE. The very first two experiments
independently scrutinize the effects of the introduced
methods, AFE-ME and AFE-RT, respectively. We aim to
show their independent contributions to the original AFE.
In line with this idea, in the first experiment, we determine
the optimal value for the parameter p in our AFE-ME
method and discuss the effect of AFE-ME, especially on
the f 1-macro score when used as a classification method.
In the second experiment, AFE-RT method is compared
with AFE if they are used as classifiers. By doing so,
we aim to represent the contribution made solely by
AFE-RT method. After determining the optimal p value
and discussing the contribution made by AFE-ME and
AFE-RT individually, we demonstrate the improvement by
our AFE-MERT approach compared to the original AFE
considering the evaluation metrics (f 1-micro, f 1-macro,
and MCC) if they are used as classifiers. Then, we utilize
AFE-MERT and AFE as feature extraction and dimension
reduction techniques to be used in well-known classifiers
and compare them. In this experiment, we also include
AFE-MERT and AFE as a classifier to compare them with
well-known classifiers. Last, we utilize the state-of-the-
art term weighting schemes to compare them with AFE-
MERT. This experiment shows how the proposed method
performs against well-known term weighting schemes in the
literature.

5.5.1 Experiment I: Determining p parameter and effect of
AFE-ME on f1-macro score

Recall that the f 1-macro score helps us understand how
well the samples from minority classes are predicted.
Since the primary concentration in this study is the class
imbalance problem, demonstrating that our proposed AFE-
ME method, which plugs RIR into AFE, improves the

6scikit-learn: https://scikit-learn.org/

f 1-macro scores is crucial. In this experiment, we report all
of the three metrics but particularly focus on the f 1-macro

score to pick the optimal p.
We hypothesize that introducing RIR factor into AFE by

the proposed AFE-ME method will result in an increase in
terms of f 1-macro score for imbalanced data sets, which
are Ruters-21578 and ReutersUK in our case. However, the
degree of imbalance in 20 newsgroups data set is moderate;
therefore,we do not expect to see dramatic changes in the
results when AFE-ME method is applied for 20 newsgroups
data set. The experimental results are given in Fig. 1.

As one can see from the figure, the proposed method
with different p values always performs considerably better
than the original AFE method in terms of f 1-macro metric
for the imbalanced data sets. This is true for MCC and
f 1-micro results as well for all p values except p = 1.
Although AFE-ME outperforms the original AFE method
in terms of f 1-macro when p is 1, it falls behind in terms
of f 1-micro and MCC for Reuters-21578 and ReutersUK
data sets. In general, one can conclude from the results that
the proposed method, AFE-ME, outperforms the original
AFE method significantly when the data set is imbalanced.
Besides, in line with our expectation, the proposed method
does not introduce substantial improvement when the data
set is moderately imbalanced. One can confirm from the
figure that f 1-macro, f 1-micro, and MCC are around
AFE when our proposed method is applied with different p

values.
We pick 2 as an optimal p value since it is the one

that contributes the most to the f 1-macro score, which is
the main intention to conduct this experiment. For Reuters-
21578 data set, the f 1-macro result is around 0.149 when
AFE is used. The proposed method, AFE-ME, outperforms
it with a large margin by taking it around 0.690. The
improvement achieved by AFE-ME is around 363%. A
similar observation can be made for ReutersUK data set,
where f 1-macro is around 0.199 with AFE while the
proposed method, AFE-ME, improves it by around 190%
and its f 1-macro is around 0.578. This experiment clearly
shows that introducing RIR as a factor in our AFE-ME
method significantly improves the f 1-macro results for
imbalanced data sets. Thus, unless otherwise stated, the
following experiments use p = 2.

5.5.2 Experiment II: The effect of AFE-RT on the general
accuracy

The previous experiment scrutinizes the effects of AFE-ME
on the prediction of samples from minority classes. In this
experiment, we would like to discuss the effects of AFE-
RT when it is used as a classification method. The idea in
AFE-RT is to scale the terms that are relevant to the class.
Therefore, the hypothesis is that AFE-RT could achieve an
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Fig. 1 AFE and AFE-ME used
as a classifier

increase in the evaluation metrics regardless of the data set
type, imbalanced or moderately imbalanced. Note that the
maximum globalization function is used to get a unique
value for each term and class.

The experimental results are given Fig. 2. The proposed
AFE-RT method outdoes the original AFE method for all
data sets and metrics, f 1-micro, f 1-macro or MCC.
Notice that although AFE-ME reports a moderate change
in balanced data set, 20 newsgroups, in the previous
experiment, which we expected so, AFE-RT is now
outperforming. This experiment displays that promoting
relevant terms has positive effects when the method is used
as a classifier.

5.5.3 Experiment III: Comparing AFE-MERT and AFE as a
classifier

The previous two experiments show the independent
contributions of our proposed methods. In this experiment,
we discuss the effects of AFE-MERT, which is a combined
version of AFE-ME and AFE-RT. Our hypothesis based on
findings from Experiment I and II is that the AFE-MERT
method will considerably outperform AFE in all metrics.
Experimental results are reported in Fig. 3.

It can be verified from the figure that the proposed
AFE-MERT method performs significantly better than the
original AFE method when used as a classifier. For imbal-
anced data sets, Reuters-21578 and ReutersUK, f 1-micro,
f 1-macro, and MCC are considerably higher. Although
the intention is to improve f 1-macro results to support
samples from minority classes in imbalanced data sets,
the f 1-micro and MCC results are also worth mention-
ing. f 1-micro is around 0.828 and 0.854 for Ruters-21578
and ReutersUK data sets, respectively, when AFE-MERT

is applied. This means that the original AFE method is
improved around 16% and 34%, respectively (correspond-
ing values are around 0.711 and 0.638, respectively). Sim-
ilar observations can be made for MCC results as well.
In terms of f 1-macro results, the improvement made by
AFE-MERT method is phenomenal with the imbalanced
data sets. AFE-MERT outputs around 0.659 and 0.630
for Ruters-21578 and ReutersUK data sets, respectively,
while AFE outputs around 0.149 and 0.199 for the same
data sets. When the balanced data set, 20 newsgroups, is
considered, the AFE-MERT method again outdoes the orig-
inal AFE in all evaluation criteria. This verifies that our
proposed method, AFE-MERT, can replace AFE for both
imbalanced and moderately imbalanced data sets when used
as a classifier. The experimental results are also important
to express that the proposed AFE-MERT method becomes
a competitive classifier that will be discussed in the next
experiment.

5.5.4 Experiment IV: AFE-MERT and AFE as feature
extraction and dimension reduction method to be used in
classifiers

After comparing the proposed methods and AFE in many
ways, the idea in this experiment is to use AFE-MERT
and AFE as feature extraction and dimension reduction
method in well-known classifiers. Besides, we compare the
results from these classifiers with the original AFE and the
proposed AFE-MERT method as classifiers to show that
AFE-MERT is now a competitive classifier. The related
results are given in Table 4.

When Reuters-21578 data set is considered, the proposed
AFE-MERT method outperforms the original AFE method
as a feature extraction and dimension reduction tool for
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Fig. 2 AFE and AFE-RT used
as a classifier

the corresponding classifiers in all metrics. Although the
AFE method falls dramatically behind against KNN, NC,
and SVM as a classifier, AFE-MERT outperforms NC and
SVM in terms of f 1-micro, KNN and SVM in terms
of f 1-macro, and NC and SVM in terms of MCC. In
Reuters-UK data set, KNN classifier records similar results
regardless of either AFE-MERT or AFE is utilized as a
feature extraction and dimension reduction method while
AFE-MERT outperforms with SVM classifier. Among all
experimental settings in this experiment, AFE is only better
than AFE-MERT when NC is utilzed for ReutersUK data
set. Similar to the previous experiment, AFE-MERT is
a competitive classifier while AFE as a classifier falls

dramatically behind compared to KNN, NC, and SVM. For
20 newsgroups data set, corresponding results for KNN,
NC, and SVM in all metrics show that the proposed AFE-
MERT method outperforms the original AFE.

To sum up, this experiment demonstrates that the
proposed AFE-MERT method is a better replacement for
AFE as a feature extraction and dimension reduction. In
previous experiments, we have already discussed that AFE-
MERT outdoes AFE as a classifier as well. Therefore,
we can conclude that introducing imbalance ratio- and
relevant term-based scales into AFE not only helps
predict minority classes but also improve the general
accuracy.

Fig. 3 AFE-MERT and AFE
used as a classifier
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Table 4 AFE-MERT and AFE when used as feature extraction and dimension reduction method for well-known classifiers

Data set Feature extraction & dimension reduction method Classifier f 1-micro f 1-macro MCC

Reuters-21578

AFE

AFE 0.711 0.150 0.601

KNN 0.880 0.449 0.839

NC 0.793 0.680 0.745

SVM 0.768 0.133 0.680

AFE-MERT AFE-MERT 0.828 0.659 0.784

KNN 0.885 0.487 0.845

NC 0.806 0.691 0.760

SVM 0.806 0.212 0.735

ReutersUK AFE AFE 0.638 0.199 0.503

KNN 0.865 0.674 0.819

NC 0.845 0.709 0.800

SVM 0.796 0.408 0.723

AFE-MERT AFE-MERT 0.854 0.630 0.813

KNN 0.866 0.672 0.820

NC 0.825 0.700 0.772

SVM 0.833 0.528 0.777

20 newsgroups AFE AFE 0.863 0.855 0.857

KNN 0.913 0.911 0.908

NC 0.869 0.868 0.862

SVM 0.898 0.890 0.893

AFE-MERT AFE-MERT 0.904 0.900 0.899

KNN 0.920 0.918 0.916

NC 0.885 0.886 0.879

SVM 0.915 0.912 0.911

5.5.5 Experiment V: Comparison with state-of-the-art term
weighting and dimension reduction approaches

The previous experiments discuss the superiority of our
method, AFE-MERT, to the original method, AFE, by
several experimental settings. This experiment, on the other
hand, compares AFE and AFE-MERT with the state-of-
the-art term weighting schemes, TF-IDF, TF-IDF-ICF [24],
TF-IDF-ICSDF [24], TF-RF [17], TF-PROB [19], TF-
IGM [5], and TF-MONO [10], and dimension reduction
techniques [6], chi-square, odds ratio, and information
gain, in text classification. Recall that the original AFE
method, which we improved, is not only a supervised term
weighting scheme (we usually call this property of AFE
as feature extraction and dimension reduction method in
the paper) but also a classifier. Since the term weighting
schemes in the literature do not have the property of
dimension reduction; thus, we will utilize feature selection
methods, chi-square, odds ratio, and information gain, to
reduce the number of features (terms in our case) that
defines documents. Remember that the original method
of AFE reduces the number of dimensions into the
number of available classes; therefore, we select the most

informative 58, 14, and 20 features with above-mentioned
feature selection methods for Reuters-21578, ReutersUK,
and 20 newsgroups data sets, respectively. Note that we
utilize the global maximization function and notice that
these number of features are fairly low. For reproducibility,
note that α is 6 as [5] and [10] did in their papers. The
experimental results are reported in Tables 5, 6, and 7
for each data set. We only report f 1-macro results since
our primary consideration is class imbalance problem and
reporting f 1-micro and MCC would make the table
hard to follow. The tables include both AFE and AFE-
MERT, and notice that the reported results for AFE
and AFE-MERT are not produced by chi-square, odds
ratio, or information gain feature selection methods. They
already include feature selection property; therefore, the
reported results are same for each feature selection method
for comparison purposes. Before discussing experimental
findings, we should give AFE credit for its superiority to the
other dimension reduction methods as discussed in [3]. It is
already overachieving if the number of selected features is
equal to the number of classes.

At first glance, it is obvious that both AFE and
our method, AFE-MERT, outperform the term weighting
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Table 5 Comparison with the state-of-the-art term weighting schemes when the number of features are equal to the number of classes,
Reuters-21578 data set

Term weighting Chi-square Odds ratio Information gain

KNN NC SVM KNN NC SVM KNN NC SVM

TF-IDF 0.298 0.340 0.350 0.274 0.198 0.189 0.449 0.387 0.391

TF-IDF-ICF 0.300 0.341 0.350 0.276 0.191 0.200 0.463 0.391 0.365

TF-IDF-ICSDF 0.273 0.321 0.336 0.264 0.188 0.186 0.420 0.343 0.379

TF-RF 0.297 0.336 0.351 0.259 0.199 0.173 0.435 0.340 0.354

TF-PROB 0.296 0.346 0.348 0.276 0.219 0.191 0.455 0.293 0.330

TF-IGM 0.298 0.336 0.346 0.290 0.220 0.190 0.452 0.377 0.405

TF-MONO 0.295 0.337 0.350 0.262 0.212 0.179 0.440 0.386 0.384

AFE 0.449 0.680 0.133 0.449 0.680 0.133 0.449 0.680 0.133

AFE-MERT 0.487 0.691 0.212 0.487 0.691 0.212 0.487 0.691 0.212

Table 6 Comparison with the state-of-the-art term weighting schemes when the number of features are equal to the number of classes, ReutersUK
data set

Term weighting Chi-square Odds ratio Information gain

KNN NC SVM KNN NC SVM KNN NC SVM

TF-IDF 0.205 0.205 0.254 0.151 0.152 0.188 0.263 0.326 0.314

TF-IDF-ICF 0.206 0.207 0.254 0.151 0.152 0.188 0.265 0.328 0.313

TF-IDF-ICSDF 0.209 0.202 0.259 0.152 0.146 0.188 0.259 0.324 0.310

TF-RF 0.209 0.206 0.258 0.152 0.145 0.188 0.262 0.317 0.315

TF-PROB 0.208 0.210 0.257 0.149 0.146 0.188 0.258 0.321 0.313

TF-IGM 0.207 0.208 0.254 0.151 0.152 0.188 0.263 0.316 0.311

TF-MONO 0.208 0.204 0.258 0.150 0.152 0.188 0.264 0.319 0.314

AFE 0.674 0.709 0.408 0.674 0.709 0.408 0.674 0.709 0.408

AFE-MERT 0.672 0.700 0.528 0.672 0.700 0.528 0.672 0.700 0.528

Table 7 Comparison with the state-of-the-art term weighting schemes when the number of features are equal to the number of classes,
20 newsgroups data set

Term weighting Chi-square Odds ratio Information gain

KNN NC SVM KNN NC SVM KNN NC SVM

TF-IDF 0.233 0.357 0.362 0.097 0.097 0.098 0.249 0.391 0.367

TF-IDF-ICF 0.233 0.362 0.362 0.097 0.097 0.098 0.251 0.398 0.368

TF-IDF-ICSDF 0.229 0.345 0.352 0.097 0.097 0.098 0.244 0.334 0.342

TF-RF 0.233 0.355 0.362 0.097 0.097 0.098 0.246 0.376 0.367

TF-PROB 0.233 0.362 0.361 0.097 0.097 0.098 0.250 0.395 0.368

TF-IGM 0.234 0.362 0.361 0.097 0.097 0.098 0.250 0.397 0.367

TF-MONO 0.232 0.355 0.362 0.097 0.097 0.098 0.247 0.376 0.367

AFE 0.911 0.868 0.889 0.911 0.868 0.889 0.911 0.868 0.889

AFE-MERT 0.918 0.886 0.912 0.918 0.886 0.912 0.918 0.886 0.912
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schemes in the literature when the number of features is
reduced to the number of classes by any of the feature
selection method. The only exception is the Reuters-
21578 data set with SVM classifier of chi-square and
information gain feature selection. This is actually the effect
of the feature reduction technique because the difference
is more dramatic when the number of features is 14 and
20 for ReutersUK and 20 newsgroups. In these two data
sets, regardless of the classifier, both AFE and AFE-
MERT achieve strikingly better results. In fact, this can
be attributed to the AFE method’s ability to extract more
informative features [3]. Between AFE and AFE-MERT, as
previously discussed in earlier experiments, our proposed
method, AFE-MERT, is usually better. In Reuters-21578
data set, both AFE and AFE-MERT again outperform
the rest except SVM classifier. However, while utilizing
Reuters-21578 data set, the gap is narrower than it is with
ReutersUK and 20 newsgroups. The gap narrows because
the Reuters data set has 58 classes; therefore, 58 features
are selected by chi-square, odds ratio, and information gain
which is greater than 14 and 20 used in ReutersUK and
20 newsgroups. This experiment up to now displays that
both AFE and AFE-MERT achieve spectacularly better
results than the state-of-the-art term weighting methods if
the associated features are reduced to the number of classes
as AFE does. For a different view, we would like to increase
the number of features to 500 for the rest of the term
weighting schemes to see how these schemes perform. We
give a comparison in Tables 8, 9, and 10. Note that the
number features that AFE and AFE-MERT select is still
equal to the number of classes.

When the number of features is increased up to 500
for the term weighting schemes, we can argue that our
proposed scheme, AFE-MERT, is competitive although the
number of features is relatively low compared to 500.
Reuters-21578 is particularly important because it is the
most imbalanced data set in our experiments. With NC
classifier, AFE-MERT is the best performing method when
the feature selection is odds ratio. AFE-MERT is better
than the most of the term weighting schemes in terms of
f 1-macro when the feature selection is either chi-square
or information gain. With KNN classifier, AFE-MERT can
only achieve to outperform when the feature selection is
odds ratio. With SVM classifier, AFE-MERT falls behind.
With ReutersUK data set, both AFE and AFE-MERT are
the best when the classifier is KNN. Only TF-IDF and TF-
IDF-ICF achieve to outperform when the feature selection
method is information gain. In terms of NC, AFE-MERT
is the best performing one when the feature selection
is odds ratio. When the feature selection is either chi-
square or information gain, TF-IDF and TF-IDF-ICF are
outperforming. With SVM classifier, AFE-MERT is the best
performing one with odds ratio feature selection method

while it does not introduce an improvement with chi-square
and information gain. With 20 newsgroup data set, there
is a clear domination of AFE-MERT against other term
weighting schemes. In all cases, AFE-MERT, which relies
on 20 features only, is the best performing scheme by large
margin. This experiment briefly shows that AFE-MERT is
better than odds ratio in terms of f 1-macro as dimension
reduction tool although its number of features are relatively
low compared to 500. If other feature selection methods
are preferred to reduce the number features, the choice of
classifier might be crucial.

To summarize, this experiment performs two types
of comparison of our proposed method with the term
weighting schemes in the literature. The first part of the
experiment reduces the number of features down to the
number of classes as AFE and AFE-MERT do. The second
part of the experiment shows that even the number of
features is increased to a large value, 500 in our case,
the experimental results suggest that our proposed method
achieves to compete with the state-of-the-art term weighting
schemes and feature selection methods.

5.5.6 Statistical analysis

We also apply t-test to show whether the improvements
achieved by our proposed methods are statistically signifi-
cant. Since we are primarily interested in imbalanced text
classification, the statistics are calculated using f 1-macro

in this subsection.
Table 11 gives the corresponding p-values (one-tailed

paired t-test) for the improvements our methods achieve
against AFE. This table corresponds to the first four
experiments, Sections 5.5.1, 5.5.2, 5.5.3, and 5.5.4. Notice
that we call t-test’s p as p-value not to confuse
it with our methods’ parameter p. The improvements
achieved by the proposed methods, AFE-ME, AFE-RT,
and their combination AFE-MERT, are always statistically
significant (very low p-values) when used as classifiers in
the first three experiments. When the proposed method used
as feature extraction and dimension reduction technique to
be used in classifiers in Section 5.5.4, the improvements
provided by the proposed method, AFE-MERT, are
statistically significant as well. The least confidence score
in this table is above 90% confidence level.

The last experiment we perform compares the proposed
method and the state-of-the-art term weighting schemes
and dimension reduction (feature selection) techniques in
Section 5.5.5. AFE and AFE-MERT are compared with
seven different term weighting schemes and three different
dimension reduction technique using three different classi-
fiers, KNN, NC, and SVM. Therefore, AFE-MERT takes
part in 63 different comparisons in each data set. Since we
have three different data sets, the number of comparisons
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Table 8 Comparison with the state-of-the-art term weighting schemes when the number of features are 500, Reuters-21578 data set

Term weighting Chi-square Odds ratio Information gain

KNN NC SVM KNN NC SVM KNN NC SVM

TF-IDF 0.658 0.713 0.788 0.497 0.421 0.476 0.663 0.756 0.849

TF-IDF-ICF 0.621 0.711 0.767 0.511 0.415 0.467 0.674 0.724 0.848

TF-IDF-ICSDF 0.565 0.605 0.742 0.433 0.368 0.451 0.530 0.651 0.814

TF-RF 0.589 0.581 0.718 0.417 0.318 0.365 0.571 0.589 0.782

TF-PROB 0.593 0.578 0.665 0.473 0.371 0.421 0.579 0.548 0.687

TF-IGM 0.609 0.685 0.792 0.459 0.386 0.443 0.604 0.693 0.815

TF-MONO 0.609 0.637 0.737 0.426 0.334 0.345 0.603 0.635 0.819

AFE 0.449 0.680 0.133 0.449 0.680 0.133 0.449 0.680 0.133

AFE-MERT 0.487 0.691 0.212 0.487 0.691 0.212 0.487 0.691 0.212

Table 9 Comparison with the state-of-the-art term weighting schemes when the number of features are 500, ReutersUK data set

Term weighting Chi-square Odds ratio Information gain

KNN NC SVM KNN NC SVM KNN NC SVM

TF-IDF 0.667 0.739 0.719 0.330 0.322 0.414 0.681 0.717 0.701

TF-IDF-ICF 0.660 0.732 0.715 0.331 0.327 0.414 0.692 0.721 0.713

TF-IDF-ICSDF 0.588 0.655 0.708 0.314 0.317 0.412 0.562 0.625 0.648

TF-RF 0.596 0.627 0.723 0.318 0.271 0.395 0.553 0.577 0.673

TF-PROB 0.558 0.606 0.664 0.332 0.323 0.410 0.541 0.568 0.650

TF-IGM 0.662 0.728 0.722 0.332 0.328 0.414 0.624 0.688 0.702

TF-MONO 0.619 0.671 0.715 0.331 0.304 0.406 0.594 0.643 0.688

AFE 0.674 0.709 0.408 0.674 0.709 0.408 0.674 0.709 0.408

AFE-MERT 0.672 0.700 0.528 0.672 0.700 0.528 0.672 0.700 0.528

Table 10 Comparison with the state-of-the-art term weighting schemes when the number of features are 500, 20 newsgroups data set

Term weighting Chi-square Odds ratio Information gain

KNN NC SVM KNN NC SVM KNN NC SVM

TF-IDF 0.707 0.705 0.769 0.387 0.402 0.407 0.701 0.712 0.777

TF-IDF-ICF 0.724 0.737 0.767 0.387 0.402 0.407 0.720 0.740 0.776

TF-IDF-ICSDF 0.694 0.664 0.758 0.387 0.406 0.407 0.635 0.612 0.761

TF-RF 0.670 0.592 0.767 0.387 0.400 0.408 0.611 0.555 0.773

TF-PROB 0.718 0.661 0.763 0.387 0.395 0.408 0.708 0.659 0.764

TF-IGM 0.730 0.716 0.772 0.387 0.401 0.408 0.729 0.718 0.779

TF-MONO 0.666 0.596 0.761 0.387 0.397 0.408 0.627 0.574 0.771

AFE 0.911 0.868 0.889 0.911 0.868 0.889 0.911 0.868 0.889

AFE-MERT 0.918 0.886 0.912 0.918 0.886 0.912 0.918 0.886 0.912
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Table 11 Statistical significance of the improvements achieved by the proposed methods when used as a classifier

Data set p-value Reference

AFE vs AFE-ME (p=1) Reuters-21578 6.30-e12 Section 5.5.1

AFE vs AFE-ME (p=1) ReutersUK 2.37-e7

AFE vs AFE-ME (p=2) Reuters-21578 5.47-e13

AFE vs AFE-ME (p=2) ReutersUK 2.42e-9

AFE vs AFE-ME (p=2) 20 newsgroups 0.073

AFE vs AFE-ME (p=4) Reuters-21578 1.43-e13

AFE vs AFE-ME (p=4) ReutersUK 1.43e-11

AFE vs AFE-ME (p=4) 20 newsgroups 3.55e-4

AFE vs AFE-ME (p=8) Reuters-21578 4.26-e10

AFE vs AFE-ME (p=8) ReutersUK 2.78e-9

AFE vs AFE-ME (p=8) 20 newsgroups 9.30e-5

AFE vs AFE-RT Reuters-21578 4.89-e9 Section 5.5.2

AFE vs AFE-RT ReutersUK 9.05e-9

AFE vs AFE-RT 20 newsgroups 2.69e-9

AFE vs AFE-MERT (p=2) Reuters-21578 8.70-e13 Section 5.5.3

AFE vs AFE-MERT (p=2) ReutersUK 4.83e-10

AFE vs AFE-MERT (p=2) 20 newsgroups 3.84e-10

AFE vs AFE-MERT KNN Reuters-21578 0.001 Section 5.5.4

AFE vs AFE-MERT KNN 20 newsgroups 7.51e-5

AFE vs AFE-MERT NC Reuters-21578 0.080

AFE vs AFE-MERT KNN 20 newsgroups 9.76e-6

AFE vs AFE-MERT SVM Reuters-21578 8.42e-8

AFE vs AFE-MERT SVM ReutersUK 7.50e-9

AFE vs AFE-MERT SVM 20 newsgroups 2.26e-8

becomes 189. We do not give statistical table due to the
large number of comparison. Instead, we will verbalize the
results.

When the number of features are reduced to the
number of classes, out of 183 possible comparisons
in corresponding Tables 5, 6, and 7, the number of
comparisons that the proposed method outperforms is 175.
The results achieved by the proposed method are always
statistically significant except one case (the data set is
Reuters, feature selection is odds ratio, classifier is SVM,
p-value = 0.055 > 0.05). When the number of features are
500 for term weighting schemes, our method outperforms in
126 cases out of 189. Among these 126 cases, where AFE-
MERT is better, 120 of them are statistically significant.

6 Conclusion

The class imbalance occurs when some classes have many
training samples while some others have few. The class
imbalance can be a burden to fit accurate classifiers for

minority classes due to the fact that the model could bias
toward majority classes. Like many problems in machine
learning, the class imbalance problem is handled in the
text classification literature as well. The purpose of this
study is to tackle class imbalance problem in abstract
feature extraction [3], AFE, method. AFE is a powerful
tool in text classification that can serve as a feature
extraction, dimension reduction method and classifier. We
scrutinize abstract feature extraction in detail and propose
to plug relative imbalance ratio based factor into it to
elevate minority class representations, which is called
abstract feature extraction with minority elevation, AFE-
ME. Empirical results show that the proposed method
clearly improves AFE method when used as a classifier
for very imbalanced data sets. We also propose to integrate
a relevant term factor, called abstract feature extraction
with relevant terms, AFE-RT. The proposed method
of integrating relevant terms outperforms the original
AFE method as a classifier in terms of all evaluation
metrics, f 1-macro, f 1-micro, and Matthew’s correlation
coefficient. Finally, we achieve remarkably better results
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when these two approaches are combined together, AFE-
MERT. When our proposed methods used as a feature
extraction and dimension reduction method to be used
in well-known classifiers, it outperforms abstract feature
extraction method. Moreover, the experimental results
show that the proposed method becomes a competitive
classifier when compared with the well-known classifiers.
Last, we experimentally compare our proposed method,
AFE-MERT, with the state-of-the-art term weighting
schemes and feature selection techniques, our method
achieves decent results when the number of selected features
in term weighting scheme is limited to the number of
classes.

This study confirms that the proposed method to
strengthen minority classes with relative imbalance ratio
achieves decent results. Based on promising results that
relative imbalance ratio achieved on the class imbalance
problem, as a future work, we plan to investigate whether
this technique can be applied to other term weighting
schemes. Although there are some studies in the term
weighting literature focusing on class imbalance problem,
more attention is needed. Moreover, machine learning
literature has a deep literature of multi-party computation
that allows multi parties work together on a joint problem;
however, we observe that text classification or term
weighting literature lacks such insights. Some parties could
come together to increase their accuracy scores in text
classification. Such collaborations could help overcome
the imbalanced text classification problem as well. To
achieve such goals, protocols that govern multi-party
computation and communication and related privacy or
security mechanisms for participating parties must be
also studied. We; therefore, plan to investigate protocols
that can help overcome the class imbalance problem by
collaboration.
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