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Abstract— Text classification for data preprocessing methods regularly uses bag-
of-words (BoWs). In a large dataset, BoWs always include many vectors with very 
large sizes and high dimensions. The authors introduced a new data preprocessing 
method for feature reduction of short text classification, namely NDTMD. It reduces 
features of the dataset using BoWs and word embedding (WE), and can solve the 
weaknesses of BoWs. The experiment consisted of four steps: 1) 5 datasets were 
selected from the data science community website, Kaggle; 2) the new methods were 
compared with 5 commonly used data preprocessing methods and 4 of these 5 
methods used the state of the art as their baseline, while the other one used BoWs. 
One of the new data preprocessing methods used features reduction of BoWs to 
produce a new document termed matrix data (NDTMD); 3) the authors generated 
many classification models by 3 classifiers: support vector machine, logistic 
regression, and convolutional neural network for text classification; and 4) the 
above classifiers were applied to each preprocessing dataset and evaluated using 
feature reduction rate (FRR), accuracy, kappa, and running time performance. The 
results showed that classification models had the highest performance when using 
NDTMD. In particular, classifier algorithms had the highest accuracy and kappa 
but the lowest running time. The new data preprocessing methods can be used to 
preprocess short text classification and also can be applied with real social media 
data. 
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1. INTRODUCTION 

The bag-of-words (BoWs) representation is widely accepted technique in text 
classification tasks. This representation considers the frequency of each word as a feature 
in the classification of data and encoding every word as a one-hot representation. Each 
word is represented by a sparse vector comprised of its index and frequency [1]. Thus, as 
features may potentially run into many vectors, BoWs pose large scalability challenges 
and BoWs is a high dimensional vector [2]. 

To address this major problem in using BoWs, this article proposed a new data 
preprocessing method for the feature reduction of short text classification. The method is 
the features reduction of BoWs which was performed by using a statistical function to 
obtain the preprocessed dataset with smaller dimensions. Furthermore, this processing 
used intersected features of BoWs and words in word embedding (WE) which were 
generated from the corpus using the Word2vec software. This method produced a dataset 
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called new document term matrix data (NDTMD). In the experiment, the authors 
compared the classification performance of NDTMD with various state of the art 
methods, consisting of: term frequency-inverse document frequency (TF-IDF) [3], latent 
semantic analysis (LSA) [4]-[5], paragraph vector-distributed memory model (PV-DM) 
[6], paragraph vector without word ordering-distributed bag of words (PV-DBOW) [6] 
and baseline. 

The classifiers consisted of support vector machine (SVM), Logistic regression and 
convolutional neural network (CNN). The criterion classification used the accuracy, 
kappa, and running time performance. Furthermore, the feature reduction performances 
were evaluated using the feature reduction rate (FRR). 
 
2. RELATED WORK 
 
2.1. BAG-OF-WORDS (BoWs) 

BoWs is a linguistic context that it was first named by Harris (1954). This 
technique is a classic simplifying data preprocessing method. This model is a 
representation of the bag of words which is known as a vector space model. This 
model is the representation which is used for documentation of the occurrence of 
each word is used as a feature for training the classifier. This method encodes every 
word in one-hot representation. Each word represents a dimensionally sparse vector 
that has 1 at the corresponding index and the word is 0 at every other index [1]. 

 
2.2. STATE OF THE ART METHODS 

 
2.2.1.*TERM FREQUENCY-INVERSE DOCUMENT FREQUENCY (TF-IDF): 

TF-IDF is a data preprocessing method which uses the weight of words where this is 
intended to reflect the importance of words. This weight is a numerical statistical 
measure. It is also used to evaluate the importance of words in the archives. The term 
frequency (TF) and inverse document frequency (IDF) produce a composite weight for 
each word in each document (TF-IDF). The TF-IDF determines the weight of term (t) in 
the document (d). TF-IDF is represented by Equation (1) [3]. 

 
TF-IDFt,d  ൌ (TFt,d × IDFt)                                                                                                 (1) 

 
2.2.2. LATENT SEMANTIC ANALYSIS (LSA): LSA is a theory and method in 

natural language processing (NLP) which is used for data preprocessing. This 
method extracts the relationships between documents and terms in the corpus by 
defining conceptual topics from groups of related terms. It assumes words that are 
closely related will occur in similar pieces of document. The calculation of the 
method used a mathematical technique called singular value decomposition (SVD). 
SVD is used to reduce the number of features while maintaining a similar meaning 
of each document. Thus, SVD is represented in Equation (2) [4]-[5]. 

 
X ൌ U∑VT                                                                                                                          (2) 
 

Equation (2) is linear so the dissolution of X. U and V are orthogonal matrices. 
Furthermore, ∑ is a diagonal matrix called SVD [4]-[5]. 
 

2.2.3. PARAGRAPH*VECTOR-DISTRIBUTED MEMORY MODEL (PV-DM): 
PV-DM inserts the paragraph id as another word in an ordered sequence of words. 
PV-DM was first used by Le and Mikolov (2014). This model attempts to predict a 
word in the ordered sequence based on the other surrounding context words in the 
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sentence and also the context provides by the paragraph id. The input word vectors 
are averaged or concatenated as part of the classification process [6]. The 
framework of model is shown in Fig. 1. 

 

 
 

Fig. 1 Distributed memory model of paragraph vectors (PV-DM) [6] 
 

2.2.4.*PARAGRAPH*VECTOR*WITHOUT*WORD*ORDERING*-
DISTRIBUTED BAG OF WORDS*(PV-DBOW): PV-DBOW approaches the 
problem from the opposite direction to that used by Le and Mikolov (2014). PV-
DBOW takes a given paragraph id which is used to predict words in the window 
without any restriction on word order. Moreover, this version is trained to predict 
the words in a small window [6]. The framework of model is shown in Fig. 2. 
 

 
 

Fig. 2 Distributed bag of words version of paragraph vector (PV-DBOW) [6] 
 

2.3. WORD EMBEDDING 

Word embedding (WE) is the name for a set of methods where words are 
represented by a number vector. WE converts the words into numerical vectors. 
There are different numerical representations of words which depend on the context 
in which the word appears in the sentence [7]-[8]. 
   
2.4. WORD2VEC 

Word2vec is software used to produce WE, it was developed by Mikolov et al. 
(2014). This software uses NLP that are trained to recreate the linguistic meaning of 
words. Word2vec uses a set of documents as its input. Then, this software produces 
vectors and several dimensions. Each distinct word in the corpus has a 
corresponding vector. Vectors are positioned by their context similarity according 
to the corpus [7]-[8].  

Moreover, Word2vec uses one of two architectures to create word distribution 
and representation. The first is the continuous bag-of-words (CBOW) model and the 
second is the continuous skip-gram model. Furthermore, according to Mikolov's 
suggestion, CBOW uses less time than skip-gram which is slower but does a better 
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job for infrequent words. Moreover, the skip-gram model uses the current word to 
identify the window size of context words [9]. 

* 
2.5. SKIP-GRAM MODEL 

This model is known as a deep learning classification model which is a modified 
version of neural language model focused on training efficiency of WE. The skip-
gram model takes in the target word as input and tries to predict the context words. 
Then, the skip-gram model is trained to predict the surrounding words given the 
current word [7]-[8].  

Jin et al. (2016) explained that the skip-gram model has two sets of WE which 
are defined for each word (w). The definition 𝑣⃗(w) and 𝑢ሬ⃗ (w’ሻ is shown in Equation 
(3) to (5) [10].  

 

𝑃ሺ𝑠ሻ ൌ ∏ 𝑝ሺ𝑣 ሬሬሬ⃗ ሺ𝑤௜ሻ|𝑢ሬ⃗ ሺ𝑤’ ሻሻ|ୱ|
௜ୀଵ                                                             (3) 

 
 𝑢ሬ⃗ (w) is context (input) of WE.  
 𝑣⃗(w) is target (output) of embedding vector of w. The target word is w, the context is 
w’ and the probability of 𝑣⃗(w) is given by 𝑢ሬ⃗ (w’).           

The model approximates a language model by approximating the probability of 
sentence. This definition is shown in Equation (4). 
 

𝑃ሺ𝑠ሻ ൌ ∏ 𝑝ሺ𝑣 ሬሬሬ⃗ ሺ𝑤௜ሻ|𝑡ሺ𝑤௜, 𝑠ሻሻ|ୱ|
௜ ୀ ଵ                                                                         (4) 

 
 s ൌ w1 w2...w|s|  
 t(wi, s) is the context of wi in s.     

The skip-gram model is used to train WE efficiently and this model is shown in 
Equation (5). 

 

𝑃ሺ𝑣 ሬሬሬ⃗ ሺ𝑤௜ሻ|𝑡ሺ𝑤௜, 𝑠ሻሻ ൌ ෑ 𝑃൫𝑣 ሬሬሬ⃗ ሺ𝑤௜ሻห𝑢 ሬሬሬ⃗ ሺ𝑤ᇱሻ൯
௪ᇲ∈ ௧ሺ௪೔,௦ሻ

 

 

ൌ ∏ ௘ೡ ሬሬሬ⃗ ൫ೢ೔൯.ೠ ሬሬሬ⃗ ሺೢᇲሻ

∑ ௘ೡ ሬሬሬ⃗ ሺೢᇲᇲሻ.ೠ ሬሬሬ⃗ ሺೢᇲሻ
ೢᇲᇲ∈ ೇ 

௪ᇲ∈ ௧ሺ௪೔,௦ሻ                                                         (5) 

 
P(𝑣⃗(wi)|t(wi, s)) is estimated by predicting 𝑣⃗(wi) using each word w’ in t(wi, s). 

However, this approximation does not give a high accuracy. 
The optimization of the skip-gram model is used to train WE efficiently.                  

The result of WE can be used as training set for more sophisticated neural language 
models [7]-[8]. This optimization training is done by maximizing the likelihood of 
raw text using stochastic gradient descent. This is equivalent to maximizing 
∇𝑙𝑜𝑔𝑃ሺ𝑣 ሬሬሬ⃗ ሺ𝑤௜ሻ|𝑢 ሬሬሬ⃗ ሺ𝑤′ሻሻ for all wi and w’ in a corpus [8]-[10].  

The gradients to the probability in Equation (3) require vocabulary and cross-
referencing through a close estimation of the noise contrastive estimation (NCE) 
method which is shown in Equation (6) [10]-[11]. 
 
𝑙𝑜𝑔𝜎൫𝑣 ሬሬሬ⃗ ሺ𝑤௜ሻ. 𝑢 ሬሬሬ⃗ ሺ𝑤ᇱሻ൯ ൅ ∑ 𝐸௪ೕ~௉೙ሺ௪ሻ

௟
௝ ୀ ଵ ൣ𝑙𝑜𝑔𝜎൫െ 𝑣 ሬሬሬ⃗ ሺ𝑤௜ሻ. 𝑢 ሬሬሬ⃗ ሺ𝑤ᇱሻ൯൧                       (6) 

 
2.6. WORD2VEC FOR TEXT CLASSIFICATION 

Lilleberg et al. (2015) proposed a method for improving the effectiveness of 
classification using Word2vec. Their method combined two preprocessing 
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techniques: TF-IDF and Word2vec. In this study, TF-IDF technique was applied for 
Word2vec dataset weighted by TF-IDF. Results showed the combination methods 
could outperform either individual method [12]. 

Kenter and Rijki (2015) published an article using word embedding which 
generated from short text unlabeled data. This method used semantic matching word 
level to text level based on semantic knowledge combined with word embedding. 
Terms were represented in a semantic space as the proximity of vectors and 
interpreted as semantic similarity. The results were evaluated using publicly 
available datasets commonly used in semantic similarity research. Their method 
was better than the baseline that tests under the same conditions [13]. 
             
2.7. CLASSIFICATION ALGORITHMS 

 
2.7.1. SVM: SVM is a classification algorithm for two-class problems. The 

algorithm creates a decision boundary called a support vector as the divider for the 
two classes, making it a non-probabilistic binary classifier. Traditionally, SVM uses 
a linear function for assigning an instance vector to the class with least error 
according to the decision boundary. But a non-linear function can also be used by 
applying the kernel trick which transforms the inputs into a multi-dimensional 
feature space [14]. 
 

2.7.2. Logistic regression: Logistic regression is a statistical model of estimated 
coefficients for dichotomous variables. The model calculates the log-odd 
probability from a linear function of independent variables. Logistic regression can 
be used as a binary classifier by having the variable as one of the two possible 
classes [15]. 
 

2.7.3. CNN: CNN is a subclass of neural networks which have a high number of 
hidden layers. The hidden layers typically are 1) convolutional layers, which 
replicate the response of receptive fields for human eyes, 2) pooling layers, which 
combine the results of convolution layers, 3) fully connected layers, which associate 
every node from the previous layer to the next layer, and 4) the loss layer, which 
uses an activation function such as softmax to summarize the outputs from another 
layer into one value [16].  
 
3. EXPERIMENT 

The authors proposed a new data preprocessing method for the feature reduction of 
short text classification. The method was the features reduction of BoWs by the 
intersection between features of BoWs and words in WE and this new method produces a 
new dataset called NDTMD. 

The experiment framework consisted of five steps. The first step selected 5 datasets 
from the data science community website, Kaggle; [17]. The second step was data 
preprocessing that involved three steps. Step 1, Preprocessing-Data (P1) was a corpus 
preparation. Step 2, Preprocessing Data (P2) involved various states of the art consisting 
of four methods: TF-IDF, LSA, PV-DM, and PV-DBOW. Step 3, Preprocessing Data 
(P3) used the new data preprocessing method (features reduction of the dataset using 
WE). First, BoWs was generated from the corpus, second WE was generated from the 
corpus using the Word2vec software. Third, the dimensional (feature) reduction of BoWs 
by the intersection between features of BoWs and words in WE to produced NDTMD 
dataset. Furthermore, the baseline model used BoWs. The third step was the development 
of classification models used SVM, Logistic regression, and CNN. The fourth step was 
comparing the performance of the data preprocessing methods used three classification 
criterion based on feature reduction rate, accuracy, kappa, and running time. The last step 
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was to summarize the best approach for short text classification. The experimental 
framework is shown in Fig. 3. 

 

 
 

Fig. 3 Experimental framework 
 

3.1.  DATASETS 

In this experiment, the authors selected 5 datasets from the data science 
community website, Kaggle; [17]. In particular, the authors chose five short text 
datasets as the input of this experiment. 

1) SMSSpamCollection is the collection of SMS messages tagged as spam or ham 
(not spam). It contains one set of 5,574 SMS messages in English, tagged according 
to being ham or spam. This dataset has numbers of feature as 50,277 [17]. 2) 
Twitter US Airline Sentiment is Crowd flower's Data for everyone library. This 
dataset is the analysis of public reception of each major US airline. Twitter data 
were sourced from February 2015 and the contributors were asked to classify their 
tweets as positive, negative or neutral. This dataset has 162,123 features. 
Furthermore, this dataset is open dataset which is free for everyone to download 
[17]-[18]. 3) Political Social Media Posts is Crowd flower's Data for everyone 
library. This dataset provides text of 5,000 messages from politician’s social media 
accounts that along with human judgments. Furthermore, messages purposed 
partisanship and audience. This dataset has 97,027 features [17]-[18]. 4) Ironic 
Corpus contains 1,949 comments, which have been labeled as ironic or not ironic by 
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human annotators. The text was taken from comments in Reddit. This dataset has 
numbers of feature as 40,326 [17]. 5) Deepnlp contains 80 user responses to a 
therapy chatbot that said describe a time when user has acted as a resource for 
someone that user responded. If the response is not flagged then the user can 
continue talking to the bot. If it is flagged then the user is referred to help. This 
dataset has 60,197 features [17]. The specific characteristics of the datasets are 
shown in Table 1. 

 
Table I. Characteristics of Datasets 

 
Dataset Instances Number 

of Classes 
Number 

of Class Members 
Average Sentence 

Length (characters) 
Features (words) 

SMSSpam Collection 5,574 2   747 SPAM 
4,827 HAM 

58 50,277 

Twitter US Airline Sentiment 14,640 3  3,099 neutral 
2,363 positive 
9,178 negative 

115 162,123 

Political-Social-Media-Posts 5,000 2   1,311 partisan 
3,689 neutral 

214 97,027 

Ironic Corpus 1,949 2   537 ironic 
1,412 non-ironic 

241 40,326 

Deepnlp 204 2   58 flagged 
146 not_flagged 

3,254 60,197 

 
3.2. DATA PREPROCESSING 

The data-preprocessing consisted of three steps: P1 as corpus preparation, P2 as 
state of the art, and P3 as features reduction of datasets. 
 

3.2.1.*P1 (CORPUS PREPARATION): P1 consisted of lowering, removing 
punctuation, removing numbers, removing tabs, removing blank spaces at the 
beginning, removing stop word, and stemming words to a common base form also 
results of P1 were Corpus. 
 
Definitions: Corpus ൌ Set of documents from P1 

Corpus ൌ {𝑑𝑜𝑐ଵ, 𝑑𝑜𝑐ଶ,  𝑑𝑜𝑐ଷ, … ,  𝑑𝑜𝑐ௗሽ where d is the number of all documents. 
 
3.2.2. P2 (STATE-OF-THE-ART): P2 which was modern and using the most 

recent methods. Furthermore, P2 includes TF-IDF, LSA, PV-DM, and PV-DBOW. 
1)*TF-IDF is a weight that reflects a word importance. Furthermore, a weight 

uses to evaluate how important a word in corpus [3]. 2) LSA extracts the contextual 
meaning of words. LSA is used in statistical computations that are applied to 
represent the corpus [4]-[5]. 3) PV-DM acts as a memory which remembers missing 
components from the current context or paragraph's topic [6]. And 4) PV-DBOW 
disregards context words in input but forces models to predict sampling from input 
paragraphs. PV-DBOW samples a text window and a random word from the text 
window given the paragraph vector [6]. 

 
3.2.3.*PREPROCESSING*DATA 3*(FEATURES*REDUCTION*OF 

DATASET): P3 consists of the proposed NDTMD and including four steps. 
1) Producing*bag-of-words (BoWs) used a Vectorizer Function in the R 

programming package [19] to create BoWs. This BoWs represented features 
through the one-hot encoding of the index. Moreover, an index was a vector filled 
with zeroes except for a single 1 at the position associated with this index. 

 
Definitions: B ൌ Set of Words in BoWs 

 BoWs ൌ Vectorizer(Corpus) 

Corpus is input dataset of BoWs. 
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BoWs ൌ {𝑏𝑜𝑤ଵ,  𝑏𝑜𝑤ଶ,  𝑏𝑜𝑤ଷ, … , 𝑏𝑜𝑤௖ሽ where 𝑏𝑜𝑤 is each bag of words in BoWs 
and c is the numbers of 𝑏𝑜𝑤 in BoWs. 

𝐵 ൌ ሼ𝑤ଵ, 𝑤ଶ, … , 𝑤௠ሽ where m is the number of words in BoWs. 
2) Producing word embedding (WE) used R Programming package [19] for 

interfacing Word2vec Function and producing WE [9]. The skip-gram model used 
for computing vector representation of WE. The parameters of the skip-gram model 
were: Window Size ൌ 5, Vectors Size ൌ 100, Minimum Count ൌ 5, Minimum 
Reduce ൌ 1, Iteration ൌ 50. 
 
Definitions: E is set of the words in WE.  

𝑉ሬ⃗ is vector of words in WE.  
WE ൌ Word2vec(Corpus ) 

Corpus is input that produces the dataset as WE, E ൌ ሼ𝑤ଵ,  𝑤ଶ, … , 𝑤௘ሽ where w is 
each word in WE and e is the numbers of words in WE, 𝑉ሬ⃗  ൌ ሼ𝑣⃗ ଵ,  𝑣⃗ଶ, … , 𝑣⃗ଵ଴଴ሽ where 
each word in WE has 100 dimensionality of the vectors.  

3) Features reduction, the authors reduced the dimension of BoWs by also 
creating a document-term matrix (DTM) which was derived from the intersection 
between words in WE and words in BoWs. DTM was a vector space model whose 
structure was similar to BoWs but the number of features in DTM was lower than in 
BoWs.  
 
Definitions: T is set of words that derive from the intersection between set E and B are 
shown in Equation (7). 

𝑇 ൌ 𝐸 ∩ 𝐵                                                                                                                          (7) 
 
Definitions: DTM is a vector space model. 

𝐷𝑇𝑀 ൌ BoWs with only words in T 

DTM ൌ ሼ𝑤ଵ,  𝑤ଶ, … , 𝑤௫ሽ where 𝑤 is a set of word from DTM and x is the number 
of words in DTM. Furthermore, DTM ൌ {𝑏𝑜𝑤ଵ,  𝑏𝑜𝑤ଶ,  𝑏𝑜𝑤ଷ, … ,  𝑏𝑜𝑤௬ሽ where 𝑏𝑜𝑤 
is each bag of words in DTM and y is the numbers of 𝑏𝑜𝑤 in DTM.  

4) Producing new document-term matrix (NDTMD)  
 

Definitions: NDTMD is a vector space model which removes the*𝑟𝑜𝑤 of DTM if the sum 
of each row is equal to 0. 

NDTMD ൌ ሼ𝑤ଵ,  𝑤ଶ, … , 𝑤௚ሽ where w is a set of words from NDTMD and g is the 
numbers of words in NDTMD.  

NDTMD ൌ {𝑏𝑜𝑤ଵ,  𝑏𝑜𝑤ଶ, 𝑏𝑜𝑤ଷ, … , 𝑏𝑜𝑤௭ሽ where 𝑏𝑜𝑤  is each bag of words in 
NDTMD and z is the numbers of words in NDTMD.  

Furthermore, producing NDTMD includes three steps. First is calculating the 
sum of all word frequency in each row of DTM. Second, if the sum of all word 
frequency in each row is equal to 0. Then delete each row of DTM. Third, creating a 
new dataset called NDTMD. The algorithm for producing NDTMD is shown in               
Fig. 4. 

 
3.3. DEVELOPMENT OF CLASSIFICATION MODELS 

 
3.3.1.*A*SPLIT*TEST:*The authors split datasets into a training dataset 

contained 80% and a test dataset containing the remaining 20%. A split test is 
suitable for large datasets and this technique has high performance running time 
[20]. 
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* 
3.3.2.*CLASSIFIERS:*The classifiers included SVM, Logistic regression and 

CNN. For the first, SVM was selected because this algorithm has advantages to 
prevent overfitting and yield higher accuracy [14]. For the second, Logistic 
regression uses logit calculations for data that are not necessary have normal 
distribution according to statistical techniques [15]. For the third, CNN algorithm 
has advantages as it does not require prior feature selection process [16]. 

 

 
 

Fig. 4 Algorithm for producing NDTMD 
 

Proof: 1) Let m be the number of words in BoWs and let e be the numbers of 
words in WE also e < m. 2) Let T be the set of words that derives from the 
intersection of set E and B. Thus, the number of words in T must be less than m.                
3) DTM is derived from BoWs with only words in T. Thus, the number of words in 
DTM must be less than in BoWs. 4) NDTMD is produced by removing (rows) of 
DTM which the sums of all word frequency are equal to 0. Let g be the number of 
words in NDTMD. Therefore, 5) The number of words in NDTMD must be less than 
in BoWs because of g < m. 
 
3.4. PERFORMANCE MEASUREMENT 

Performance measurements included reduction rate as feature reduction evaluator 
and the evaluation of the classification performance used the following four 
performance measures, including FRR, accuracy, kappa and running time. 

 
3.4.1.*FEATURE*REDUCTION*RATE*(FRR):*The*purpose*of*feature 

reduction method to choose the most important features while reducing the feature 
space significantly. This calculation is shown in Equation (8) [21]. 
 

FRR ൌ  
ሺைிିிௌሻ

ைி
                                                                                                                  (8) 

 
Where OF is the number of original features. FS is the number of features left 

after using the feature selection method. Furthermore, FRR is close to 1 which 
represents high performance to reduce features otherwise FRR is close to 0 which 
represents low performance. 

* 
3.4.2. ACCURACY: Accuracy is the proportion of correct classifications, which 

is calculated by dividing the number of correctly classified instances by the number 
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of total classified instances. Accuracy is widely used to indicate the performance of 
a classifier. Considers following in Equation (9) [22].  
* 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 ൌ  
்௉ା்ே

்௉ା்ேାி௉ାிே
                                                                                             (9) 

 
3.4.3. KAPPA: Kappa is a metric that indicates the accuracy of a classifier by 

considering the expected accuracy measured from a random classifier. Kappa can be 
calculated from the values in a confusion matrix generated in classification 
modeling. Considers following in Equation (10) [23]. 

 

𝐾𝑎𝑝𝑝𝑎 ൌ  
௉೚ି௉೐

ଵି௉೐
                                                                                                               (10) 

 
𝑃௢  is the observed probability of agreement. 𝑃௘  is the hypothetical expected 

probability of agreement. Kappa value over 0.75 is considered to be excellent while 
0.4 to 0.75 is average and under 0.4 is worst [24].  

 
3.4.4. RUNNING TIME: The performance in term of running time of the 

classification models utilizing the proposed methods is measured and compared. 
Running time is divided into 3 aspects: Model Time, Train Time, and Test Time. 
Model Time is the time NDTMD used to select training data. Train Time is the time 
NDTMD used to classify the whole training set. Test Time is the time NDTMD 
used to classify the whole test set [25]. 
 
3.5. TO SUMMARIZE 

The authors evaluated the NDTMD method with multiple classification models.                 
The authors compared the performance metrics including FRR, accuracy, kappa and 
running time. The NDTMD with SVM classifier was the best approach for short text 
classification model, and the comparison is shown in Section 4.  
 
4. EXPERIMENTAL RESULTS 
 
4.1. EXPERIMENTAL RESULTS OF FEATURES REDUCTION 

The performances of features reduction by NDTMD were compared with the other five 
preprocessing methods: baseline (BoWs) and four state-of-the-arts consist of TF-IDF, 
LSA, PV-DM, and PV-DBOW.  

 
Table II. Features Reduction and FRR Performances Using NDTMD  

 
Dataset Features 

(words) 
of Raw data 

Numbers of features Feature Reduction Rate (FRR) 

BoWs 

(Baseline) 

TF-IDF LSA PV-DM PV-DBOW NDTMD BoWs 

(Baseline) 

TF-IDF LSA PV-DM PV-DBOW NDTMD 

SMSSpam 
Collection 

50,277 9,757 4,340 100 100 100 1,513 0.8059 0.9137 0.9980 0.9980 0.9980 0.9699 

Twitter 
US Airline 
Sentiment 

162,123 12,815 3,234 100 100 100 2,572 0.9210 0.9801 0.9994 0.9994 0.9994 0.9841 

Political-
Social  
–Media 
-Posts 

97,027 16,384 3,650 100 100 100 2,724 0.8311 0.9624 0.9990 0.9990 0.9990 0.9719 

Ironic  
Corpus 

40,326 3,919 3,658 100 100 100 1,386 0.9028 0.9093 0.9975 0.9975 0.9975 0.9656 

Deepnlp 60,197 5,804 4,245 100 100 100 2,278 0.9036 0.9295 0.9983 0.9983 0.9983 0.9622 

 
FRR, Features reduction used NDTMD had good performances to reduce features.                         

1) NDTMD had a high performance to reduce the number of features of datasets, 
included SMSSpamCollection (50,277 to 1,513 features), Twitter US Airline Sentiment 
(162,123 to 2,572 features), Political-Social-Media-Posts (97,027 to 2,724 features), 
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Ironic Corpus (40,326 to 1,386 features) and Deepnlp (60,197 to 2,278 features).                          
2) NDTMD had a high FRR, including SMSSpamCollection (0.9699), Twitter US Airline 
Sentiment (0.9841), Political-Social-Media-Posts (0.9719), Ironic Corpus (0.9656) and 
Deepnlp (0.9622). The experimental results of FRR are shown in Table 2. Results show 
that NDTMD provides the high (> 0.96) with all five datasets. 

 
4.2. EXPERIMENTAL RESULTS OF ACCURACY 

Performance comparisons of classification models were generated by SVM, Logistic 
regression and CNN measured by prediction accuracy rates.  

Table 3 depicted using SVM classifier. It showed that NDTMD had the highest 
accuracy rate with three datasets, including Twitter US Airline Sentiment (92.31%), 
Ironic Corpus (75.34%) and Deepnlp (76.92%). 

 
Table III. Performances of Classification Using SVM and Criterion is Accuracy 

 
Dataset BOWs (Baseline) TF-IDF LSA PV-DM PV-DBOW NDTMD 

SMSSpamCollection 98.03 96.86 95.87 86.62 95.87 97.78 
Twitter US Airline Sentiment 91.93 90.19 78.50 62.71 73.62 92.31 
Political-Social-Media-Posts 74.27 73.37 76.18 73.77 76.48 73.97 
Ironic Corpus 73.85 70.77 73.85 73.85 73.85 75.34
Deepnlp 73.17 65.87   65.37   65.37   68.29 76.92

 
Logistic regression, the experimental results showed that NDTMD had high 

accuracy rate (89.71%) with Twitter US Airline Sentiment as shown in Table 4. 
 

Table IV. Performances of Classification Using Logistic Regression and 
Criterion is Accuracy 

 
Dataset BOWs (Baseline) TF-IDF LSA PV-DM PV-DBOW NDTMD 

SMSSpamCollection 95.78 89.50 95.78 86.62 96.95 96.31 
Twitter US Airline Sentiment 89.86 89.07 75.83 62.68 71.49 89.71 
Political-Social-Media-Posts 73.77 66.80 76.90 73.77 76.90 65.57 
Ironic Corpus 53.08 60.51  71.03 72.34 71.79 53.89 
Deepnlp 70.73 60.98  58.54 53.66 63.41 66.67 

 
CNN, results showed NDTMD had the highest accuracy with three datasets including 

Twitter US Airline Sentiment (84.00%), Ironic Corpus (72.11%) and Deepnlp (73.17%) 
as shown in Table 5. 

 
Table V. Performances of Classification Using CNN and Criterion is Accuracy 

 
Dataset BOWs (Baseline) TF-IDF LSA PV-DM PV-DBOW NDTMD 

SMSSpamCollection 97.40 92.74 93.54 79.10 93.72 95.93 
Twitter US Airline Sentiment 78.35 79.92 72.71 62.12 74.18 84.00
Political-Social-Media-Posts 72.50 67.10 71.60 67.60 70.10 69.37 
Ironic Corpus 66.41 70.25 69.49 66.41 62.31 72.11
Deepnlp 60.97 56.10 68.29 63.41 70.73 73.17

 
The results show NDTMD had higher accuracy than other preprocessors by using 

Twitter US Airline Sentiment dataset when applying three classifiers. 
 

4.3. EXPERIMENTAL RESULTS OF KAPPA 

SVM results showed that NDTMD had the highest kappa with two datasets including 
Twitter US Airline Sentiment (0.8559) which was good value, Deepnlp (0.4455). 
However, BoWs showed the highest kappa (0.9096) for SMSSpamCollection. The 
experimental results of kappa measures are shown in Table 6. 
* 
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Table VI. Classification Performances Using SVM and Kappa 
 

Dataset BoWs (Baseline) TF-IDF LSA PV-DM PV-DBOW NDTMD 

SMSSpamCollection 0.9096 0.8678 0.8133 0 0.7977 0.9016 
Twitter US Airline Sentiment 0.8490 0.8149 0.5668 0 0.4497 0.8559 
Political-Social-Media-Posts 0.3227 0.2874 0.1835 0 0.2155 0.3087 
Ironic Corpus 0 0.0357 0 0 0 0 
Deepnlp 0.3218 0.1847 0 0.0831 0.1305 0.4455 

 
Logistic regression results showed NDTMD had the highest kappa in two datasets 

including Ironic Corpus (0.0234) and Deepnlp (0.3407) which both kappas are not good 
value. However, PV-DBOW and BoWs showed the highest and good kappa value in 
SMSSpamCollection (0.8644) and Twitter US Airline Sentiment (0.8073), respectively. 
The experimental results of kappa measures are shown in Table 7. 

 
Table VII. Classification Performances Using Logistic Regression and Kappa 

 
Dataset BoWs (Baseline) TF-IDF LSA PV-DM PV-DBOW NDTMD 

SMSSpamCollection 0.8164 0.6315 0.8142 0 0.8644 0.8370 
Twitter US Airline Sentiment 0.8073 0.7906 0.4850 0 0.3837 0.8045 
Political-Social-Media-Posts 0 0.1837 0.2857 0.0549 0.2878 0.1713 
Ironic Corpus 0.0030 0.0718 0.0402 0.0211 0.0149 0.0234 
Deepnlp 0.3260 0.1323 0.0619 0.0512 0.0149 0.3407 

 
CNN results showed NDTMD had the highest kappa with three datasets including 

Twitter US Airline Sentiment (0.7063) which was good kappa, Ironic Corpus (0.1212) 
and Deepnlp (0.3930). However, BoWs showed the highest and good kappa value in 
SMSSpamCollection (0.8971) and Political-Social-Media-Posts (0.2754), respectively. 
The experimental results of kappa measures are shown in Table 8. 

 
Table VIII. Classification Performances Using CNN and Kappa 

 
Dataset BoWs (Baseline) TF-IDF LSA PV-DM PV-DBOW NDTMD 

SMSSpamCollection 0.8971 0.7459 0.7515 0.0322 0.7675 0.8249 
Twitter US Airline Sentiment 0.6010 0.6237 0.4978 0.0030 0.3979 0.7063 
Political-Social-Media-Posts 0.2754 0.1806 0.2176 0.1148 0.2079 0.2486 
Ironic Corpus 0.1164 0.0782 0.1116 0.0066 0.0021 0.1212 
Deepnlp 0.1014 0.0238 0.2566 0.0376 0.2454 0.3930 

 
Thus NDTMD is seemed to be fitted with Twitter US Airline Sentiment dataset which 

using two classifiers, SVM and CNN to generate classification model since it provided 
the biggest kappa value. 

 
4.4. EXPERIMENTAL RESULTS OF RUNNING TIME 

Using SVM, the experimental results showed NDTMD had the lowest running time for 
classification with Ironic Corpus (0.06 seconds). The experimental results are shown in 
Table 9. 

 
Table IX. Classification Performances by Running Time (Seconds) Using SVM 

 
Dataset BoWs (Baseline) TF-IDF LSA PV-DM PV-DBOW NDTMD 

SMSSpamCollection 30.83 8.71 0.01 0.01 0.01 0.56 
Twitter US Airline Sentiment 1765.70 8.71 2.50 3.34 1.85 3.23 
Political-Social-Media-Posts 250.50 9.89 5.80 6.66 6.97 10.64 
Ironic Corpus 0.22 0.10 0.23 0.17 0.22 0.06
Deepnlp 0.12 0.11 0.04 0.02 0.03 0.28 

When the classifier was Logistic regression the experimental results showed PV-
DBOW had the lowest running time with three datasets Ironic (Political-Social-
Media-Posts, 0.52 seconds, Ironic Corpus, 0.01 seconds and Deepnlp, 0.03 
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seconds). Last, PV-DM had the lowest running time with two datasets:  
SMSSpamCollection (0.65) and Twitter US Airline Sentiment (0.42).  It is likely 
that Logistic regression does not fit with NDTMD. The experimental results are 
shown in Table 10.  

 
Table X. Classification Performances by Running Time (Seconds) Using                           

Logistic Regression 
 

Dataset BoWs (Baseline) TF-IDF LSA PV-DM PV-DBOW NDTMD 

SMSSpamCollection 17.63 17.07 1.12 0.65 0.99 2.45 
Twitter US Airline Sentiment 893.64 8.05 1.23 0.42 2.89 4.95 
Political-Social-Media-Posts 2521.57 4.13 0.91 0.59 0.52 7.69 
Ironic Corpus 0.16 0.02 0.02 0.01 0.01 0.06 
Deepnlp 557.18 47.92 0.06 0.09 0.03 33.82 

 
When the classifier was CNN the experimental results show LSA had the lowest 

running time with three datasets (Twitter US Airline Sentiment, 93.42 seconds, Political-
Social-Media-Posts 34.17 seconds, and Deepnlp, 1.22 seconds). NDTMD did not provide 
the best running time for all datasets. The experimental results are shown in Table 11.  

 
Table XI. Classification Performances by Running Time (Seconds) Using CNN 

 
Dataset BoWs (Baseline) TF-IDF LSA PV-DM PV-DBOW NDTMD 

SMSSpamCollection 94.00 64.33 40.59 29.23 35.08 35.69 
Twitter USAirline Sentiment 1644.40 1211.27 93.42 94.15 98.36 146.02 
Political-Social-Media-Posts 786.17 125.34 34.17 34.29 34.50 47.55 
Ironic Corpus 19.77 24.36 15.27 10.99 10.05   14.64 
Deepnlp 10.40 8.24 1.22 1.22 1.36 1.85 

 
It is likely that NDTMD worked well with SVM classifier since it provided the 

smallest running time in classification of two datasets: SMSSpamCollection and 
Ironic Corpus. 

 
5. DISCUSSION 

Based on Mikolov’s suggestion, the skip-gram model (which was used to produce 
NDTMD), provides good results for infrequent words. Thus, the feature reduction 
of short text classification produced NDTMD by the intersection between features 
of BoWs and words in WE which were generated from the corpus using the 
Word2vec software, the resulting NDTMD was effective at handling infrequent 
words in the dataset, such as technical terms or nomenclature. Moreover, this 
implementation is different to BoWs as the latter reduces features by removing 
infrequent words. An advantage of the skip-gram model is that it produces a better 
vector when applied to infrequent words because Mikolov modified the 
optimization objective that resulting in a small number of updates to the weight of 
model with a technique called “Negative Sampling” [8]. 

The proposed the feature reduction of short text classification by NDTMD used 
feature intersection of BoWs and words in WE. In contrast, it was different to the 
former papers by Lilleberg et al. [12] and Kenter and Rijki [13]. Since, NDTMD 
reduced the size of BoWs features. While, Lilleberg et al. [12] combined the 
features of Word2vec and TF-IDF. Moreover, Kenter and Rijki [13] concatenated 
features of WE and words in sentences using for short text classification. 
Furthermore, NDTMD had a high FRR which represents high performance to 
reduce features as well. NDTMD provided the highest FRR rate of 0.9841 in 
Twitter US Airline Sentiment dataset. When the NDTMD was used in the 
classification, the input data of NDTMD were smaller than BoWs and TF-IDF, 
making NDTMD more efficient. Moreover, the new method provided the higher 



International Journal of Control and Automation 

Vol. 12, No. 2, (2019) 

 

 

14  Copyright ⓒ 2019 NADIA 

accuracy than BoWs, TF-IDF, LSA, PV-DM and PV-DBOW. The CNN classifier 
using NDTMD had accuracy rate of 84.00% (Twitter US Airline Sentiment), 
72.11% (Ironic Corpus) and 73.17% (Deepnlp). Furthermore, this new method 
provided the highest accuracy rate of 92.31% (Twitter US Airline Sentiment), 
75.34% (Ironic Corpus) and 76.92% (Deepnlp) with SVM classifier.  

 
6. CONCLUSION  

The authors proposed a new method NDTMD which is the features reduction of 
BoWs. This article solved the weaknesses of BoWs which is a high dimensional vector. 
The experiment included four steps. In the first step, 5 datasets were undertaken from the 
data science community website, Kaggle. The second step was included data 
preprocessing that included three steps. P1 was corpus preparation. P2 were various states 
of the art data preprocessing. P3 was new data preprocessing methods for features 
reduction of the dataset using WE. First, BoWs was generated from corpus and WE was 
generated from corpus by using the Word2vec software. Next, the features reduction of 
BoWs performed by the intersection between features of BoWs and words in WE that 
produced NDTMD data, the baseline model used BoWs. The third step was the 
development of classification models used SVM, Logistic regression, and CNN. The 
fourth step was evaluating the performance of data preprocessing methods using three 
algorithms (SVM, Logistic regression, CNN) for text classification. Moreover, the 
authors compared the classification criterion by using accuracy, kappa, and running time. 
Then, the authors compared the performances of FRR. NDTMD methods had the highest 
FRR as well. NDTMD had higher accuracy than other preprocessors when using Twitter 
US Airline Sentiment dataset and applying three classifiers. For kappa value, NDTMD is 
seemed to be fitted with Twitter US Airline Sentiment dataset which using two 
classifiers, SVM and CNN to generate classification model since it provided the biggest 
kappa value. Last, NDTMD worked well with SVM classifier since it provided the 
smallest running time in classification of Ironic Corpus datasets. It is likely that NDTMD 
worked well and most fitted with Twitter US Airline Sentiment dataset which is short 
(with average 115 characters/sentences). Thus, the best approach for short text 
classification model was using NDTMD with SVM classifier. 

Future work could consider the interesting results in a short text dataset having high 
numbers of attributes, such as in the datasets of Twitter US Airline Sentiment, Ironic 
Corpus and Deepnlp. Twitter US Airline Sentiment, Ironic Corpus and Deepnlp had the 
highest accuracy when the classification model used SVM. Furthermore, it had high 
kappa with SVM model. Thus, for the future, the authors are interested in applying the 
proposed techniques to real data on social media. 
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