
 

 

 

Abstract—Text Classification (TC) is a popular information 

retrieval (IR) technique that mainly employs features selection, 

features reduction, and features weighting techniques. The most 

common technique for weighting textual features is the Term 

Frequency-Inverse Document Frequency (TF-IDF) scheme. 

However, the standard TF-IDF can be enhanced as presented in the 

literature.   In this paper, we propose a new variant of the TF-IDF by 

considering the small words (such as two, three, and four characters). 

The new method proposes modifying the weight of each word based 

on its length. To investigate the performance, a corpus contains 4,000 

documents of ten topics (400 document for each topic) was used. The 

corpus contains more than 2 million words with about 140,000 

unique words. The Testing set contains 400 documents, 40 

documents for each topic. The latent semantic indexing (LSI) and the 

cosine similarity measure were used for features reduction and text 

classification, respectively. The experimental results show that 

modifying the weights according to the word‟s length significantly 

enhance the accuracy by 3.75%. 
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I. INTRODUCTION 

ERM Frequency-Inverse Document Frequency (TF-IDF) 

is a popular weighting scheme that is used in information 

retrieval (IR) and the related text classification (TC) domain. 

Traditionally, TC problems use vector space model (VSM) as 

a method to represent documents (or texts) as vectors, [1]. The 

documents vectors are then weighted to indicate the important 

of each term in the documents vectors. The TF-IDF method 

uses two metric to find the weigh; TF that indicates the 

frequency that a term appears in the document, while IDF 

represents the inverse of the tem occurrences in entire training 

documents. TF-IDF is the most common representation term 

weighting technique that is widely used to determine the 

significant words (features) in the text, [2]. The TF-IDF 

method has been widely investigated to measure its 

performance. For, example, Reference [3] indicated that TF-

IDF method seems very appropriate for IR; however, it is not 

clear if it is the best choice for TC problems.  

In this paper, we propose a new variant of TF-IDF that 

consider reweighting small words that include two or three 
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characters. For example, the Arabic language has a set of 

prepositions that have relatively low discriminative power as 

they spread out all over the documents. Even TF-IDF already 

reduces the weights of such common small words, this study 

propose to farther reducing the weights according to the 

word‟s length. One technique to handle common words in TC 

problem is to group them in a set called Stop words or Stop list 

to have them excluded when preparing the corpus dictionary. 

Another technique is to use the TF-IDF method to reduce the 

effect of such common words during the classification. Even 

though that these technique have well success in IR, however, 

researching continues to handle the common words problem as 

we demonstrate in this work. The latent semantic indexing 

(LSI) and the cosine similarity measure were used for features 

reduction and text classification, respectively. 

In the next section, we present the motivation of this work, 

section III have the literature review, followed by the 

experiments setup in section IV. We present the results in 

section V and the conclusion in section VI. 

II. THE MOTIVATION 

Pattern recognition performance is primarily depends on the 

real differences (dissimilarities) among the used patterns. That 

is, if most patterns have a high percentage of common features 

how the classification methods can differentiate between the 

pattern classes or the text topic as in our case. Accordingly, the 

commons words in text classification problems produces sub-

optimal performance. Fig. 1 shows that the Training set used in 

this work has 12% of 2 characters words, and 15% of 3 

characters words.  

 
 

Fig. 1 Words Distribution Statistics in the Trining Set 

 

These small words proportions contain common words that 
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can be discarded to enhance the performance as well as to 

reduce the ambiguity and computational complexity. The work 

in this paper is not exclusive for the Arabic language; English 

has also small words (e.g. the, or, in, etc.) that probably have 

the same characteristics as Arabic, of course, form 

classification point of view. Hence, this work is based on 

discarding or considering such small words in the weighting 

process to reduce its effect in the classification process. In this 

work and for a comparison purpose, the performance was 

measured on a series of words lengths that have more than 

three characters such as four, five, and six characters. 

III. LITERATURE REVIEW 

The literature review shows that TF-IDF has been widely 

used in TC. In this literature, we focus on the usage of this 

weighting method for the Arabic language. In the literature, it 

has been noticed that some researchers mixed this weighing 

scheme with the features selection and features reduction 

methods. Standard TF-IDF was used in the following Arabic 

text related systems (i.e. classification, summarization, 

clustering, etc.):  [4] – [36]. 

Away from the Arabic language TC research, some studies 

proposed modification of TF-IDF such as what introduced in 

[3] to use statistical confidence intervals to estimate the 

importance of a word for a specific categorization problem. 

Reference [37] proposed a weighting approach: TF-IDF-Ci 

where Ci is added to express the differences between classes 

on the base of original TF-IDF. Reference [38] proposed three 

weighting schemes that exploit the class space density based 

on the class distribution in the whole document set as well as 

the class documents set. Reference [39] summarized some of 

the term weighting formulas. However, with the noticeable 

success of TF-IDF, Reference [40] presents two criticisms of 

TF-IDF. The first one is that TF-IDF is too „ad hoc‟, and the 

second one is the dimensionality that leads to huge 

computation. 

The literature review shows that small words has not been 

considered in the TC problems. Hence, improving the TF-IDF 

weighting scheme using the small words is the main essence of 

our proposed work.  

IV. EXPERIMENT SETUP 

A. Data Set 

To investigate the proposed method, a Training Set of 4,000 

documents was created. The documents belong to 10 different 

categories. The Testing set contains 400 documents. The 

corpus contains more than 2 million words. Table I shows the 

corpus information. 

 

 

 

 

 

TABLE I 

THE CORPUS INFORMATION 

# Category # Documents  # Words 

1 Health 400 218,214 

2 Economy 400 181,366 

3 Crimes and courts 400 172,145 

4 Education 400 259,127 

5 Technology 400 209,319 

6 Sports 400 168,934 

7 Tourism 400 270,142 

8 Islam and Sharia 400 242,943 

9 Parliament 400 182,503 

10 Political Affairs 400 222,504 

 Total 4,000 2,127,197 
 

B. Preprocessing 

For the entire corpus (4,000 documents for training and 400 

document for testing), a preprocessing step is performed to 

prepare the text for the classification process. Therefore, 

cleaning the text has the following four steps: The Stop list is 

declared to remove the common words such as the newspaper 

name. The ignore characters are declared. It includes {~, ` , ! , 

@ , # , £ , € , $ , % , ° , ^ , & , * , ( , ) , - , _ , + , = , » , « , { , } 

, [ , ] , | , \ , / , : , ; , 0,1,2,3,4,5,6,7,8,9}. The character “أ” is 

replaced by “ا”, and “إ” by “ا”. Finally, a single character is 

deleted wherever appears in the corpus. 

C. Proposed TF-IDF variation 

The proposed method includes two parts; the first part is to 

discard the words that are less than certain threshold, and the 

second part is to consider the small words in the traditional 

weighting scheme TF-IDF to produce a new variant of the 

classical TF-IDF formula: 

 

Where wi,j is the weight of word i in document j, N is the 

total number of documents in the corpus (i.e., The Training 

Set), tfi,j is the word frequency of word i in document j and dfi 

is the document frequency of word i in the corpus. The 

proposed method suggests modifying the classical formula as 

the following format: 

 

The reason of choosing ln function is the characteristic of 

this function that penalizes the small words more than the long 

words. Hence, the change of the words weights will be 

gradually decreases as we move from small to the long words 

as shown in Fig. 2. The Figure shows that while small words 

noticeably affected by the change, however, the long one are 

slightly affected. For example, If the word length is two, then 

the standard TF-IDF will be reduced by multiplying the word‟s 

weight by this value (ln 2 * ln 2 * ln 2) = 0.333.  
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Fig. 2 Ln Function Graph 

We emphasize that the proposed method does not reduce the 

weights for all lengths, but it also increases the weight for 

some words such the word of length 4 as the weight will be 

increased when multiplying it by the value  2.664 (ln 4 * ln 4 * 

ln 4).  The power 3 in the proposed formula is selected based 

on the experimental investigation. 
 

The implementation of the proposed method include the 

following steps: 

Step 1: Using python, the LSI technique is used to generate the 

term-by-document matrix according to the VSM model. 

Step 2: The term-by-document matrix is weighted using the 

standard TF-IDF method.  

Step 3: The Singular Value Decomposition (SVD) method is 

used to truncate the term-by-document matrix to produce the 

documents features vectors. Matlab was used for this step. 

Step 4: The cosine similarity measure is used to classify the 

documents vectors of the Testing set. Matlab was used. 

Step 5: The performance is measured. 

Step 6: The steps from 1 to 5 are repeated using the proposed 

weighting scheme. 

V.  RESULTS 

The experiments were conducted for two cases, small words 

discarding and small words reweighting. In all experiments, 

the document frequency (DF) features selection method was 

set at 25. That is, a word will be included in the dictionary (i.e. 

classification process) if it appears in 25 or more different 

documents. 

A. Discarding Small Words 

The performance was measured for discarding the word of 

less than or equal these thresholds: 2, 3, 4, 5, and 6. For each 

experiments, the investigation include the rank k value form 10 

up 100 and report the highest accuracy as shown in Table II. In 

the table, the first highlighted row shows the baseline 

performance that has not discarding any small words. 
 

TABLE II 

THE ACCURACIES OF DISCARDING SMALL WORDS 

# Threshold Highest at k equal Accuracy (%) 

 baseline 40 83.50 

1 <=2 38 84.75 

2 <=3 36 83.50 

3 <=4 31 85.75 

4 <=5 47 85.00 

5 <=6 46 82.25 

 

Table II shows that discarding small words enhances the 

performance by (85.75-83.50) 2.25% at k=31. This means that 

a better accuracy is achieved with less dimensions of the 

features vectors (31 instead of 40) and therefore less 

computational time. It also shows that discarding the words 

less than or equal 6 will reduce the performance as the 

dictionary start losing significant words. 

B. Keeping Small Words with Reweighting 

The proposed weighing formula was implemented to find 

the effect of penalizing small words of overall performance. 

This option might be better (practically found better) than 

discarding small words since many keys phrases for some 

category are small words such as: { فن , كرة , دم , بنك , نفط} with 

the meaning:{art, soccer, blood, bank, oil}. Hence, the 

experiments in this section do not discard the small words. Fig. 

3 shows the accuracies for k=10 to 100. The bold line 

indicates the accuracy of the proposed method. The maximum 

accuracy was 86% and it was achieved at k=53. This means 

that reweighing small words is better than discarding them 

since the maximum accuracy (86.00%) was better than all 

cases when discarding small words as shown in Table II. 

 

Fig. 3 The Proposed Method Accuracy 

To find the best spot of accuracy, we repeat the experiments 

conducted in the previous section but with the proposed 

weighting method. Therefore, we consider discarding and 

reweighting during all experiments. The results reported in 

Table III. 

TABLE III 

THE ACCURACIES OF DISCARDING AND WEIGHTING 

# Threshold Highest at k equal Accuracy (%) 

1 <=2 38 85.25 

2 <=3 42 87.25 

3 <=4 41 86.25 

4 <=5 27 86.25 

5 <=6 23 82.25 
 

Hence, the experiments shows that the best performance was 

achieved when discarding the words that are less than or equal 

3, and on the same time implementing the proposed weighting 

scheme. The highest accuracy (87.25%) was achieved at k 

=42. Therefore, this study indicates that handling small words 

could improve the performance by (87.25-83.5) 3.75%. 

To investigate whether the proposed method significantly 

enhances the performance, the performance detection method 

proposed by [41] was used. The confidence interval [Ԑl, Ԑu] 
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has to be compute at the first place. Fig. 4 shows how to find 

the confidence interval. N is set to the value 400, the number 

of documents in the Testing set. If the changed classification 

error rate is outside the confidence interval, these changes can 

be interpreted as statistically significant. Otherwise, they were 

most likely caused by chance.  We used 90% as a level of 

confidence. We also used the error probabilities ( ) of the 

TF.IDF method (baseline), as (100-83.50) 16.50% as reported 

in Table II. Since we used 90% as a level of confidence, z is 

equal 1.645 from the standard normal distribution. It might be 

interpreted as a 90% probability that a standard normal 

variable, z, will fall between -1.645 and 1.645. 

 

Fig. 4 Confidence Interval Calculation Formula 

The confidence interval is found to be [16.50%-2.83, 

16.50%+3.28] [13.67%, 19.78%].  Since the error 

probabilities using the proposed method is 12.75% (100-

87.25%), we consider that using small words significantly 

outperform the standard TF.IDF features as 12.75% is outside 

the confidence interval. 

VI. CONCLUSION 

This study explores the effect of discarding and reweighting 

small words on the Arabic language text classification. The 

study reveals that the performance can be enhanced using both 

cases; discarding and reweighting the small words.  The study 

also shows that the combination of these two cases has the 

highest performance. The study also exposes that the 

traditional TF-IDF is not the optimal choice as it can be 

enhanced when considering the small words as reported in this 

research. 
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