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Abstract. Text classiﬁcation is a well known problem in the machine learning community. A widely used approach is that based on the Term Frequency – Inverse Document
Frequency (TF-IDF) feature. This feature represents very well the characteristic of a
text. However, this feature could not clearly represent the relationship from a text to its
assigned label. This paper presents a Label-Oriented (LO) approach for text classiﬁcation
problem. This approach takes account of the relationship between a text and its assigned
label by introducing a new feature label-oriented score. This score represents the level of
the importance of the term regarding all terms and texts assigned to the label compared
to all terms and texts unassigned to the label. In the training phase, this model calculates
the label-oriented score of each term to a label. In the testing phase, the sum of this score
of all terms in a text will help us to determine whether the text should be assigned to
the label or not. The proposed model is then evaluated in two cases: short and regular
texts. The experiment results indicate that the proposed model is signiﬁcantly better than
baseline models on the considered datasets.
Keywords: Machine learning, Supervised machine learning, Label-oriented score, Text
classiﬁcation

1. Introduction. The problem of text classiﬁcation is already popular in the machine
learning community. In it, a set of texts which are already classiﬁed with a label class,
called training set, will be used to extract some common features of texts of the same
label. If there is a new text t, the assignment of a label to the text t is based on the
relationship among the text itself and the texts in the training set.
A widely used approach is that based on the TF-IDF feature vector of texts [37]. This
feature counts the Term Frequency (TF) in a text and the Inverse Document Frequency
(IDF) of a term regarding all texts in the training set. Therefore, the TF-IDF value of
a term depends only on the text (by the TF portion) and the training set (by the IDF
portion). In other words, the TF-IDF value of a term does not depend on the label of
the text. Let us consider an example. There is a text t in a set T of text, and its label
l1 . In the training phase, the TF-IDF feature vector of t is calculated based only on the
appearance of terms in t and the texts in T which contain the considered term. This
vector is calculated without any consideration of its label l1 . Consequently, if the label
is changed to l2 ̸= l1 , the TF-IDF feature vector of t is still the same as that in case of
label l1 . Intuitively, in the text classiﬁcation problem, when a text is assigned to a label,
its label is more or less meaningful to the text. When the label of a text changed, the
feature of the text is thus more or less changed. Therefore, it may be better if the feature
vector of a text counts also the relationship between the text and its assigned label.
DOI: 10.24507/ijicic.16.05.1593
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This paper aims to take account of this relationship between the text and its assigned
label by proposing a new feature called Label-Oriented (LO) score. This score represents
the level of the importance of the term regarding all terms and texts assigned to the
label compared to all terms and texts unassigned to the label. The label-oriented score
of a term to a label is calculated as follows: the training set is divided into two subsets:
a subset of texts which are assigned to the label, and the other subset of texts which
are unassigned to the label. Then, the frequency of text – which contains the term –
in the subset assigned to the label will be compared to that of text containing the term
in the subset unassigned to the label. The bigger this score (more positive), the higher
the possibility that a text containing this term belongs to the subset of texts which are
assigned to the label. And vice versa, the smaller this value (more negative), the higher
the possibility that a text containing this term belongs to the subset of texts which are
unassigned to the label. In the training phase, the label-oriented score is calculated for
all terms which appear in texts in the training set. The training result is a vector of
label-oriented score for all terms in training set for each label. In the testing phase, the
sum of this label-oriented score of all terms in a text (regarding a given label) will help
us to determine whether the text should be assigned to the label or not. The proposed
model is then evaluated in two cases: (i) short text with the EmoLex dataset [30], and
(ii) regular texts with the 20 Newsgroups dataset [23].
The paper is organized as follows. Section 2 presents the related works to this paper.
Section 3 presents the model based on the label-oriented score. Section 4 presents the
evaluation of the proposed model. Section 5 is the conclusion.

2. Related Works. There are many models proposed to solve this problem. Let us
consider these models on two aspects (Table 1): (i) the considered technical features; (ii)
the classiﬁer used.
Regarding the technical feature of models, there are two main tendencies: semanticbased approaches and statistic-based approaches. Firstly, the semantic-based approaches
try to extract the meaning of words, sentences in texts to measure the similarity among
them. For instance, an ontology is used to classify texts [47]; or a combination of both
lexical and semantic features to classify texts [41]; or a combination of the semantic and
statistic approaches [3, 15, 26]. Secondly, the statistic-based approaches try to extract
the statistical features of texts to estimate the distance among texts. A classical and
widely used technique in this tendency is that based on the TF-IDF feature. In it, each
text or document is split into a set of terms. Then the TF-IDF value of each term is
calculated. The set of TF-IDF value corresponding to the set of original terms of a text
in the training set will form the feature vector of the text. The feature vector of the new
text is also determined in the same manner. The classiﬁcation of the new text is then
based on the distance between the new text to each text in the training set. This distance
is considered as the distance between the feature vector of the two concerned texts, i.e.,
Danesh et al. [10], Erkan et al. [13], Nigam et al. [32], Rossi et al. [36], Joulin et al. [20],
Al-Anzi et al. [2].
Regarding the classiﬁer used in models, there are also two main tendencies: using classical classiﬁer-based or deﬁne their own classiﬁer. In the ﬁrst tendency, any of (or extended
of any) classical classiﬁers such as Naive Bayes (NB) [19], Support Vector Machine (SVM)
[7], k-Nearest Neighbors (kNN or IBk) [1], C4.5 [34] could be used. For instance, NB is
used in model of Rossi et al. [36], Vilar et al. [38], Wei et al. [40], Zhang et al. [44]. SVM
is used in model of Bekkerman et al. [4], Liu et al. [28], Wang and Chiang [39]. K-Means
is used in the work of Hendry and Chen [17]. A neural network is also used in the work
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Table 1. Summary of related works
Technique
Model
Albitar et al. [3]
Bekkerman et al. [4]
Bouras et al. [6]
Chen et al. [8]
Dai et al. [9]
Danesh et al. [10]
De Souza et al. [11]
Devlin et al. [12]
Erkan et al. [13]
Glinka and Zakrzewska [14]
Gliozzo et al. [15]
Goldberg et al. [16]
Joulin et al. [20]
Kibriya et al. [21]
Kim [22]
Lau et al. [24]
Li et al. [25]
Liu et al. [28]
Mikolov et al. [29]
Nam et al. [31]
Nigam et al. [32]
Peters et al. [33]
Read et al. [35]
Rossi et al. [36]
Vilar et al. [38]
Wang and Chiang [39]
Wei et al. [40]
Yang et al. [41]
Yu et al. [42]
Yu et al. [43]
Zhang et al. [44]
Zhang and Zhou [45]
Zhang et al. [46]
Zhou and El-Gohary [47]

Semantic

Statistic

X

Classifier
Newly
Classical
proposed
X

X
X
X

X
X
X
X

X
X

X
X

X
X
X
X

X

X
X
X
X
X
X

X
X
X

X
X

X
X
X
X
X
X
X
X
X
X

X
X
X

of De Souza et al. [11], Nam et al. [31], Zhang and Zhou [45], Hendry et al. [18], Li et
al. [27].
Moreover, some authors could improve some classical classiﬁer for their model. For
instance, Danesh et al. [10] proposed three improvements using Decision Template, or
Voting, or Ordered Weighted Averaging (OWA); Erkan et al. [13] proposed a model with
a Harmonic function; or the Expectation Maximization (EM) of Nigam et al. [32]; the
Multinomial Naive Bayes of Kibriya et al. [21]. Dai et al. [9] proposed a transfer-learning
algorithm for text classiﬁcation based on an EM-based NB.

1596

M. H. NGUYEN

In the second tendency, some authors could propose their own classiﬁer. For instance,
Lau et al. [24] used best topic word selection and re-ranking model. Bouras et al. [6] combined the co-operation of the categorization and summarization mechanisms. Goldberg et
al. [16] used crowd-sourcing techniques. Gliozzo et al. [15] proposed a text-categorization
bootstrapping algorithm. Yu et al. [43] used the variable precision neighborhood rough
sets. Read et al. [35] used binary relevance-based methods. Li et al. [25] proposed a
joint learning algorithm. Yu et al. [42] developed techniques that exploit the structure of
speciﬁc loss functions, such as the squared loss function. Glinka and Zakrzewska [14] proposed Labels Chain (LC) algorithm based on relationship between labels. An approach
of text-to-vector is proposed by Mikolov et al. [29]. Joulin et al. [20] proposed their FastText model. Conventional and recurrent neural networks are used in the model of Kim
[22], Chen et al. [8], Zhang et al. [46]. In the same approach, Peters et al. [33] proposed
ELMo model and Devlin et al. [12] proposed BERT model based on the convolution and
recurrent neural networks.
However, one of the main limits of these models is that they use only the TF-IDF
feature vector of texts. This vector is independent from the label of text: the feature
vector (or the characteristic) of a text is no change when we change the candidate label
for the text. As mentioned in the Introduction section, it may be better if the feature
vector of a text counts also the relationship between the text and its assigned label.
3. Proposed Model. This section presents our Label-Oriented (LO) model, including:
presentation of notations, label-oriented features, the algorithm in training phase and
testing phase.
3.1. Notations. In order to make easy to follow this section, we make use of these
following notations.
• x is an extracted term of a text t in a set of texts T . l is a label (class) in a label
set L.
• tf (x, t) is the term frequency of the term x in the document t.
• Tl , T¬l are the set of texts which are assigned (unassigned, respectively) to the label
l.
x
• Tlx , T¬l
are the set of texts, which are assigned (unassigned, respectively) to the label
l, in which, every text contains the term x.
• nt is the number of terms in the text t.
• The frequency of a term x regarding a set of texts T is deﬁned by the following
formula:

if | T | = 0
 0
| {t ∈ T : x ∈ t} |
fre(x, T ) =
(1)
otherwise

|T |
3.2. Label-oriented features. The main idea of this approach is to ﬁgure out the relationship, if it has, between each term x to a label l by dividing the training set into two
sets of texts Tl , T¬l by the label l. Obviously, if the texts which contain the term x appear
in Tl more frequently than in T¬l , then the possibility that a text containing the term x
will belong to the set Tl may be higher than the possibility that the text belongs to the
set T¬l ; and vice versa, if the frequency of texts containing the term x in Tl is lower than
that in T¬l , then the possibility that a text containing the term x will belong to the set
Tl may be lower than the possibility that the text belongs to the set T¬l . In order to take
this relation into account, the Label-Oriented (LO) score of a term x regarding a label l
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 0
2 ∗ fre(x, Tl )
score LO (x, l) =

fre(x, Tl ) + fre(x, T¬l )
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if fre(x, Tl ∪ T¬l ) = 0
otherwise

(2)

This is the ratio of frequency of the texts containing x in the set Tl over the average
frequency of the texts containing x in the set Tl and T¬l . The bigger this score, the higher
the possibility that the text containing the term x belongs to the label l.
The Label-Unoriented (LU) score of a term x regarding a label l is also deﬁned by the
following formula:

if fre(x, Tl ∪ T¬l ) = 0
 0
2 ∗ fre(x, T¬l )
score LU (x, l) =
(3)
otherwise

fre(x, Tl ) + fre(x, T¬l )
This is the ratio of frequency of the texts containing x in the set T¬l over the average
frequency of the texts containing x in the set Tl and T¬l . The bigger this score, the higher
the possibility that the text containing the term x does not belong to the label l.
Theoretically, the formulas of score LO (x, l) and score LU (x, l) could represent the fact
that the higher the value of fre(x, T ), the higher the possibility that the text containing
the term x does not belong to the label l; and vice versa. However, there is a case
in which, this idea is not completely respected. Let us consider the case of two terms
x1 and x2 regarding the label l. Tl and T¬l have 100 texts each. In Tl , there are 100
texts which contain x1 , and only one text which contains x2 . In T¬l , there is no text
which contains x1 , and no text which contains x2 . Obviously, the score LO (x1 , l) should
be greater than score LO (x2 , l). However, in Formula (2), both the values of score LO (x1 , l)
and score LO (x2 , l) are 2. The reason is that the fre(x1 , T¬l ) and fre(x2 , T¬l ) are zero in
this case. This makes the value of fre(x1 , T¬l ) and fre(x2 , T¬l ) have no role in the formula
of score LO (x1 , l) and score LO (x2 , l).
In order to avoid this case, we added a parameter, that is α minimal appearance factor,
into Formula (1):

if | T | = 0
 0
max(α; | {t ∈ T : x ∈ t} |)
fre(x, T ) =
(4)
otherwise

|T |
This means that, in the case there is no text in T which contains x, we consider that there
is α text which contains x, the value of α could be various from 0 to 1. For instance, in
the case of x1 and x2 , if we use α = 0.5, then the scoreLO (x1 , l) = 2 ∗ 1/(1 + 0.005) ∼ 1.99.
Meanwhile the score LO (x2 , l) = 2 ∗ 0.01/(0.01 + 0.005) ∼ 1.33, the idea of the model is still
consistent. The choice of the α value should be based on experiment. This is a subject
to test on each dataset.
Accordingly, the final score of a term x regarding a label l is then deﬁned by the
following formula:
score(x, l) =(score LO (x, l))β − (score LU (x, l))β

(5)

where β is a power factor to distinguish the label-oriented and label-unoriented scores.
The higher the value of β, the more signiﬁcant the diﬀerence between the oriented score
and unoriented score. This value could be detected in experiment because it may depend
on datasets.
The value of score(x, l) > 0 indicates that the term x is more important to the texts
in Tl than the texts in T¬l ; and vice versa, the value of score(x, l) < 0 indicates that
the term x is more important to the texts in Tl than the texts in T¬l . In other words, if
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score(x, l) > 0 then the possibility that the text containing the term x belongs to the set
Tl will be higher than the possibility that text belongs to the set T¬l ; and vice versa, if
score(x, l) < 0 then the possibility that the text containing the term x belongs to the set
Tl will be lower than the possibility that text belongs to the set T¬l .
The objective of the training phase is thus, to calculate the label-oriented term score of
all terms in all texts in the training set.
3.3. Label detection for a text. In order to determine whether a new text t could be
assigned or unassigned to a label l, this model calculates the label-oriented document score
of t. The Label-Oriented Document – LOD score of a text t for label l is then deﬁned as
follows:
∑
score doc (t, l) =
tf (x, t) ∗ score(x, l)
(6)
x∈t

The value score doc (t, l) > 0 implies that the text t is closer to the texts in Tl than
the texts in T¬l (The text t thus may be assigned to the label l); and vice versa, if
score doc (t, l) ≤ 0 then the text t is closer to the texts in T¬l than the texts in Tl (The text
t should not be assigned to the label l).
3.4. The algorithm. The algorithm is composed of two main phases: training and
classifying.
3.4.1. Training phase. The training phase’s objective is to calculate the label-oriented
score (Algorithm 1). In the ﬁrst stage, the input texts are split into terms (n-grams) and
the TF of each term is calculated within each text (lines 1-6). This is similar to the TFIDF approach. In the second stage, the union V of all terms is created (line 7). And then,
the label-oriented score of each term x ∈ V regarding each label l ∈ L is calculated by
formulas proposed in this model (lines 8-16). This is the main diﬀerence of the proposed
model regarding the TF-IDF approach.
After this phase, each term x ∈ V has a label-oriented score vector whose each element
is a pair < l, s >: For each label l ∈ L, the term x has a label-oriented term score s.
Algorithm 1 Calculation of label-oriented score
Input: A set of text T , each text is assigned a label l ∈ L.
Output: The label-oriented score of all terms appeared in texts in T for all labels l ∈ L.
1: for all text t ∈ T do
2:
Split t into a set of term
3:
for all term x ∈ t do
4:
Calculate the TF tf (x, t)
5:
end for
6: end for
7: Create the union V of all terms from the term set of all text t ∈ T
8: for all label l ∈ L do
9:
Tl is the set of all texts which are assigned to the label l.
10:
T¬l is the set of all texts which are not assigned to the label l.
11:
for all term x ∈ V do
12:
Calculate the label-oriented score score LO (x, l)
13:
Calculate the label-unoriented score score LU (x, l)
14:
Calculate the final score score(x, l)
15:
end for
16: end for
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3.4.2. Classifying phase. For a new text t, the choice of label to assign to the text is
presented in Algorithm 2. Firstly, the text t is split into terms and the TF of each term
is calculated (lines 1-4). Then, instead of calculating the vector TF-IDF as the classical
approach, the label-oriented document score of the text t for each label l ∈ L is calculated
by formulas proposed in this model (lines 5-7). And then, the maximal score for all label
l ∈ L is detected (line 8). Finally, the label whose the label-oriented document score is
maximal will be assigned to the text t (lines 9-11).
Algorithm 2 Detection of the label for a text
Input: The label-oriented score of all terms x ∈ V for all labels l ∈ L. A text t.
Output: The most suitable label lt ∈ L for the text t.
1: Split t into a set of term
2: for all term x ∈ t do
3:
Calculate the TF tf (x, t)
4: end for
5: for all label li ∈ L do
6:
Calculate the label-oriented document score – score doc (t, li )
7: end for
8: Find the maximal value of max = max{score doc (t, li )} for all labels li ∈ L
9: if max > 0 then
10:
Return the label li whose score doc (t, li ) = max
11: end if
12: Return null, otherwise.
In the proposed model, there are two parameters which are needed to be detected during
experiment: the minimal appearance factor α and the power factor β. The algorithm to
detect the best value of these parameters is described in Algorithm 3 (This scenario is
also used in the evaluation section to detect the best value of them for each dataset). As
Algorithm 3 Detection of the best value of α and β for a dataset
Input: A dataset.
Output: The best value of α and β.
1: Split the dataset into a training set and a testing set
2: Fix the value of α = 0.5, and test the value of β
3: Start with β = 1
4: repeat
5:
Run the training phase on the training set
6:
Run the testing phase on the testing set
7:
Measure the performance of the current β
8:
Increase value of β if the current performance is still better than the previous.
9: until The performance is no more increased
10: Fix the value of β with the best value founded, and test the value of α
11: for α from 0 to 1 (gradually increased by 0.1 or 0.05) do
12:
Run the training phase on the training set
13:
Run the testing phase on the testing set
14:
Measure the performance of the current α
15:
Keep the best performance until current step.
16: end for
17: The best value of α is that whose performance is the best.
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the value of α must be in the interval [0, 1], meanwhile there is no upper bound value for
β. Therefore, it could be better if we ﬁxed the value of α at the middle of its interval to
ﬁnd the best value of β (lines 2-10). And then, once the best value of β is detected, it is
ﬁxed to test and ﬁnd the best value of α (lines 11-17).
4. Evaluation. This section presents two kinds of experiment: First, the sensitive test
to ﬁnd the best parameters used in this model; Second, the comparison of the proposed
model to some related works.
In all experiments, the considered models will be evaluated in two datasets:
• Short text classiﬁcation: The chosen dataset is NRC Hashtag Emotion Lexicon (EmoLex), an association of words with six emotions (anger, fear, surprise, sadness,
joy, and disgust) generated automatically from tweets with emotion-word hashtags
[30].
• Regular text classiﬁcation: This experiment uses the 20 Newsgroups dataset [23] as
the input dataset. This dataset is widely used in the domain of machine learning
and information retrieval. The main features of these two datasets are presented in
Table 2.
Table 2. Comparison of two datasets features
Feature
Number of texts
Minimal text length (in word)
Maximal text length (in word)
Average text length (in word)
Number of labels

EmoLex
21000
2
20
15
6

20 Newsgroups
20000
75
20000
370
20

4.1. Finding the best parameters of the model. This section presents some experiments which are built to ﬁnd the best value of the α minimal appearance factor and the
β power factor on the chosen datasets.
4.1.1. Method. Between two considered parameters to consider, while the value of β may
be various from 1 to unlimited, the value of α should be limited in from 0 to 1. Moreover,
these two parameters are not independent. Therefore, we ﬁxed the value of α = 0.5 (the
mean value in its interval) to ﬁnd the best value of β, and then, ﬁxed the best value
of β to ﬁnd the best value of α on each considered dataset. Accordingly, we use theses
following scenarios:
Scenario 1: Test the eﬀect of β on the EmoLex dataset
1: For each label, select randomly 1500 texts whose label is that label, and 1500 other
texts whose label is diﬀerent from that label.
2: Use the k-fold cross-validation [5], divide this set into ten subsets (10-folds): each
subset has about 300 texts, in which, 150 texts have the considered label, 150 remaining texts have other label.
3: Repeat from the ﬁrst fold to the tenth fold:
3.1: Select the kth -fold, and consider it as the current testing set (of 300 texts).
3.2: Group nine remaining folds into a set, and consider it as the current training
set (of 2700 texts).
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3.3: Run our model with ﬁxed value of α = 0.5 and several values of β: from 0 to
201 .
3.4: Observe the two output parameters accuracy and F1-score. They are calculated
based on the deﬁnition of Salton and McGill [37]:
∗ Number of True Positive (TP): This is the number of texts which are assigned
to the considered label. And in the results, it is also assigned to the same
label.
∗ Number of False Positive (FP): This is the number of texts which are NOT
assigned to the considered label. However, in the results, it is assigned to
the label.
∗ Number of False Negative (FN): This is the number of texts which are assigned to the considered label. However, in the results, it is NOT assigned
to the label.
∗ Number of True Negative (TN): This is the number of texts which are NOT
assigned to the considered label. And in the results, it is NOT assigned to
the label.
TP + TN
Accuracy =
∗ 100%
(7)
TP + FP + FN + TN
TP
∗ 100%
(8)
Precision =
TP + FP
TP
Recall =
∗ 100%
(9)
TP + FN
Precision ∗ Recall
F 1-score = 2 ∗
(10)
Precision + Recall
4: Repeat the steps 3.1 to 3.4 in ten times (10-folds) and then, take the average value
of each output parameter for each considered value of β.
5: Repeat the steps 1 to 4 for all labels in the considered dataset, and then, take the
average value of each output parameter for each considered value of β.
Scenario 2: Test the eﬀect of β on the 20 Newsgroups dataset. This is the
same as the scenario 1, except that:
• This is applied to the 20 Newsgroups dataset with 20 labels.
• In the step 1, for each label, select randomly 1000 texts whose label is that label,
and 1000 other texts whose label is diﬀerent from that label.
• Therefore, in the step 2, each fold has about 200 texts, in which, 100 texts have the
considered label, 100 remaining texts have other label.
• In the step 3.3, run the model with value of β from 0 to 100.
Scenario 3: Test the eﬀect of α on the EmoLex dataset. This is the same as
the scenario 1, except that:
• In the step 3.3, ﬁxed the value of β by the best value found in the scenario 1, run
the model with value of α: 0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0.
Scenario 4: Test the eﬀect of α on the 20 Newsgroups dataset. This is the
same as the scenario 2, except that:
• In the step 3.3, ﬁxed the value of β by the best value found in the scenario 2, run
the model with value of α: 0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0.
1

In fact, after increasing the value of β to 20 in this scenario, we recognized that the value of accuracy
and F1-score are not better any more. Therefore, we do not test any more with the value bigger than
20. The same reason with the scenario 2 where the maximal value of β to test is 100.
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4.1.2. Results. In the case of testing β value, the results are presented in Figure 1. In
it, the square line represents the values of accuracy, and the diamond line represents the
values of F1-score. In the case of EmoLex dataset (Figure 1(a)), the results indicate that
the values of accuracy and F1-score increase when the value of β increases from 1 to 3.
After that, both values are decreased when the value of β increases. Therefore, we could
consider the best value of β for this dataset is 3. We will use this value for the next
experiments on this dataset.
In the case of 20 Newsgroups dataset (Figure 1(b)), the results indicate that the values of
accuracy and F1-score increase when the value of β increases. However, when the value
of β is bigger than 50, the increment of accuracy and F1-score is no more signiﬁcant.
Consequently, we could consider the best value of β for this dataset is about 50. We will
use this value for the next experiments on this dataset.

(a) EmoLex

(b) 20 Newsgroups

Figure 1. Variation of accuracy and F1-score on the change of β value
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(a) EmoLex

(b) 20 Newsgroups

Figure 2. Variation of accuracy and F1-score on the change of α value
In the case of testing α value, the results are presented in Figure 2. In the case of
EmoLex dataset (Figure 2(a)), the results indicate that the values of accuracy and F1score increase when the value of α increases from 0.1 to 0.5. And then, both values are
quite stable when α increases from 0.5 to 0.8. After that, both values are decreased when
the value of α increases. Therefore, we could consider the best value of α for this dataset
is in the interval [0.5, 0.8]. We will use α = 0.6 for the next experiments on this dataset.
In the case of 20 Newsgroups dataset (Figure 2(b)), the results indicate that the values
of accuracy and F1-score increase when the value of α increases from 0 to 0.3. After that,
both values are decreased when the value of α increases. Therefore, we could consider the
best value of α for this dataset is about 0.3. We will use α = 0.3 for the next experiments
on this dataset.
4.2. Comparison to related works. In this section, the proposed model will be compared to the following models:
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• Model W2V (Word2Vec – Mikolov et al. [29]): This model is very closed to the
proposed model in regarding the labeled and unlabeled texts for each label.
• Model based on TF-IDF: In this experiment, we choose the model FastText (FT) of
Joulin et al. [20] to compare to our model.
• Model CNN (Convolution Neuron Network): This is recently one of the most popular
and eﬃcient models for pattern recognition/machine learning. There are several
models proposed in this approach, such as model ELMo of Peters et al. [33], model
BERT of Devlin et al. [12]. In this experiment, we choose the model BERT of Devlin
et al. [12] to compare to our model.
4.2.1. Method. This experiment uses these following scenarios:
Scenario 5: Comparison on the EmoLex dataset. This is the same as the
scenario 1, except that:
• In the step 3.3, ﬁxed value of α = 0.6 and β = 3, then run four models: W2V, FT,
BERT and our model (LO) in two phases: training with the training set and testing
with the testing set.
Scenario 6: Comparison on the 20 Newsgroups dataset. This is the same as
the scenario 2, except that:
• In the step 3.3, ﬁxed value of α = 0.3 and β = 50, then run four models: W2V, FT,
BERT and our model (LO) in two phases: training with the training set and testing
with the testing set.
4.2.2. Results. In the case of EmoLex dataset, the results are presented in Table 3. In it,
the ﬁrst column is the name of six topics. The four next columns respectively represent
the average value of accuracy of the four considered models, respectively. The last four
columns also represent the value of F1-score of the four considered models, respectively.
Each row represents the results of each topic. The last row represents the average value
of all six topics of each model for the corresponding output parameter.
Table 3. Comparison of accuracy and F1-score (%) of W2V, FT, BERT
and our model (LO) on EmoLex dataset
Emotion
Joy
Sadness
Surprise
Fear
Disgust
Anger
Average

W2V
69.62
59.09
67.39
69.47
67.06
65.31
66.32

Accuracy
FT
BERT
69.80 69.21
62.59 61.64
65.61 65.70
72.30 70.46
73.46 75.48
67.38 66.75
68.52 68.21

LO
W2V
71.70 72.30
63.84 66.87
69.02 69.35
73.11 65.14
70.22 60.71
68.69 65.63
69.43 66.67

F1-score
FT
BERT
69.04 65.66
63.26 62.15
64.85 65.66
72.09 69.04
59.58 54.45
67.34 65.32
66.29 64.28

LO
72.89
62.90
68.66
72.60
63.08
69.84
68.33

The results indicate that the value of accuracy from our model (LO) is the highest on
5/6 topics, except the disgust is the highest in the model of BERT. Meanwhile, the model
FT gets higher value than model BERT on 4/6 topics. In contrary, the model W2V gets
the lowest value on 4/6 topics. Consequently, average value of accuracy is the lowest in
the W2V model, the BERT model gets higher value than W2V model, the FT gets higher
value than BERT model, and our model (LO) gets a little bit higher than FT (last row).
At the level of F1-score value, our model (LO) has the highest value on 4/6 topics.
The model of W2V gets the highest value on two remaining topics (sadness, surprise).
In contrary, the model BERT gets the lowest value on 4/6 topics. Consequently, average
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value of F1-score is the lowest in the BERT model, the FT model gets higher value than
BERT model, the W2V gets a bit higher value than FT model, and our model (LO) gets
higher value than W2V (last row).
In order to see whether the diﬀerence is signiﬁcant, we applied the t-test to our model
values (for all six emotion labels) and those of W2V, FT, and BERT model respectively
in two parameters: accuracy and F1-score. The statistical results are presented in Figure
3. At the level of accuracy (Figure 3(a)), the value of our model (69.43%) is signiﬁcantly
higher than that of W2V (66.32%) with the p-value < 10−5 . It is also signiﬁcantly higher
than that of BERT (68.21%) with the p-value < 0.03. However, it is not signiﬁcantly
higher than that of FT (68.52%) because the p-value > 0.08.

(a) Accuracy

(b) F1-score

Figure 3. Statistical comparison of accuracy and F1-score of W2V, FT,
BERT and our model (LO) on EmoLex dataset
At the level of F1-score (Figure 3(b)), the value of our model (68.33%) is also signiﬁcantly higher than that of W2V (66.67%) with the p-value < 0.01. It is also signiﬁcantly
higher than that of FT (66.29%) with the p-value < 0.01. It is also signiﬁcantly higher
than that of BERT (64.29%) with the p-value < 10−5 .
In the case of 20 Newsgroups dataset, the results are presented in Table 4. In it,
the ﬁrst column is the name of 20 topics. The four next columns respectively represent
the average value of accuracy of the four considered models, respectively. The last four
columns also represent the value of F1-score of the four considered models, respectively.
Each row represents the results of each topic. The last row represents the average value of all 20 topics of each model for the corresponding output parameter. The results
indicate that the value of accuracy from our model (LO) is the highest on 19/20 topics.
Meanwhile, the BERT model gets the highest value of accuracy on the remaining topic
(talk.politics.mideast). In almost topics, the W2V model gets the lowest value. The FT
model gets higher value than W2V. The BERT gets higher value than FT. And our model
(LO) gets higher value than BERT. Consequently, average value of accuracy is the lowest
in the W2V model, the FT model gets higher value than W2V model, the BERT gets
higher value than FT model, and our model (LO) gets the highest value (last row). The
same results are obtained on the level of F1-score value.
In order to see whether the diﬀerence is signiﬁcant, we also applied the t-test to our
model values (for all 20 topics) and those of W2V, FT, and BERT model respectively in
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Table 4. Comparison of accuracy and F1-score (%) of W2V, FT, BERT
and our model (LO) on the 20 Newsgroups dataset
Topics
alt.atheism
comp.graphics
comp.os...misc
comp.sys.ibm.pc.hardware
comp.sys.mac.hardware
comp.windows.x
misc.forsale
rec.autos
rec.motorcycles
rec.sport.baseball
rec.sport.hockey
sci.crypt
sci.electronics
sci.med
sci.space
soc.religion.christian
talk.politics.guns
talk.politics.mideast
talk.politics.misc
talk.religion.misc
Average

(a) Accuracy

W2V
77.14
67.33
65.91
71.25
72.37
73.25
76.25
75.91
80.42
70.57
70.84
65.11
75.91
63.64
72.27
62.00
71.02
69.08
72.16
75.10
71.38

Accuracy
FT BERT
95.45 96.00
90.00 93.18
87.16 95.90
87.73 95.53
90.57 95.69
92.73 95.49
91.14 96.92
93.86 97.13
95.45 98.41
96.82 97.44
97.95 97.74
94.43 98.00
91.36 96.41
93.30 98.21
95.91 97.33
98.07 99.33
94.43 95.74
96.82 98.41
87.61 94.21
93.07 93.74
93.19 96.53

LO
97.85
96.26
97.80
96.96
97.71
97.71
97.62
98.79
99.53
99.16
98.41
98.83
97.57
98.41
98.41
99.39
97.24
97.76
94.63
96.03
97.80

W2V
83.03
76.60
55.35
79.99
80.77
80.65
83.12
78.30
84.77
79.76
79.66
76.57
83.03
75.68
80.26
74.95
78.88
77.85
80.25
82.07
78.58

F1-score
FT BERT
96.09 96.12
91.69 93.74
87.44 96.16
90.16 95.63
92.20 95.96
93.76 95.76
92.59 97.08
94.78 97.26
96.12 98.46
97.28 97.56
98.24 97.85
95.30 98.03
92.74 96.62
94.34 98.25
96.46 97.37
98.33 99.35
95.24 95.94
97.26 98.45
90.12 94.46
94.15 93.96
94.21 96.70

LO
97.74
96.17
97.71
96.86
97.60
98.67
97.51
98.72
99.50
99.11
98.33
98.77
97.46
98.33
98.33
99.35
97.14
97.66
94.54
95.90
97.77

(b) F1-score

Figure 4. Statistical comparison of accuracy and F1-score of W2V, FT,
BERT and our model (LO) on 20 Newsgroups dataset
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two parameters: accuracy and F1-score. The statistical results are presented in Figure
4. At the level of accuracy (Figure 4(a)), the value of our model (97.80%) is signiﬁcantly
higher than that of W2V (71.38%) with the p-value < 10−9 . It is also signiﬁcantly higher
than that of FT (93.19%) with the p-value < 10−8 . It is also signiﬁcantly higher than
that of BERT (96.53%) with the p-value < 10−7 .
The same results at the level of F1-score (Figure 4(b)), the value of our model (97.77%)
is also signiﬁcantly higher than that of W2V (78.58%) with the p-value < 10−9 . It is
also signiﬁcantly higher than that of FT (94.21%) with the p-value < 10−8 . It is also
signiﬁcantly higher than that of BERT (96.70%) with the p-value < 10−7 . From these
results, we could say that our model is also signiﬁcantly better than the model of W2V,
FT and BERT on the 20 Newsgroups dataset.
5. Conclusion. This paper presents a Label-Oriented (LO) model for text classiﬁcation.
The main contribution of this model is that it takes account of the relationship between
a text and its assigned label by introducing the label-oriented score of each term to a
label. This score represents the level of the importance of the term regarding all terms
and texts assigned to the label compared to all terms and texts unassigned to the label.
In the testing phase, the sum of this score of all terms in a text will help us to determine
whether the text should be assigned to the label or not. The proposed model is then
evaluated in both cases of short and regular texts. The experiment results indicate that
the proposed model is signiﬁcantly better than the baseline models on the used datasets.
Extending this model to apply to the problem of multi-label classiﬁcation of texts is
one of our perspectives in the near future.
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