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Abstract. The term frequency – inverse document frequency (TF-IDF) weighting sch-
eme is widely used in text classification for weighting the features of the vector space model
(VSM). It aims at enhancing words’ discriminating capabilities by weighing up the less
frequently used words and, at the same time, weighing down the high frequency words (i.e.,
the common words such as prepositions). This paper attempts to provide an enhanced
variant of the well-known TF-IDF method. The TF-IDF is a statistical estimation that
computes the weight of each word based on the frequency of the word in both the document
and the entire data collection. In this work, we propose considering the word’s standard
deviation as another factor when computing the word’s weight. That is, the common
words tend to have larger standard deviations more than the uncommon words. In other
words, the more the word appears in documents, the greater the standard deviation is.
To investigate the proposed TF-IDF based model, we conducted some experiments for
Arabic text classification. We used a training textual data collection that contains 1,750
documents of five categories (250 documents for testing). The experimental results show
that the proposed approach is superior to the standard TF-IDF term weighting scheme.
Keywords: Arabic, Text, Classification, TF-IDF, Singular value decomposition

1. Introduction. The significant growth of online textual information has increased the
demand for effective content-based text retrieval methods. In fact, information retrieval
(IR) systems are characterized by extensive query activities that require speed, accuracy,
and rich information. Hence, there has been great interest to promote intelligent algo-
rithms for text mining and document classification. Moving from paper-based to digital
solutions such as information systems is dominating the institutional processes since it
proficiently automates today’s business requirements such as uniqueness, security, produc-
tivity, and consistency. In particular, commercial companies such as newspapers highly
consider efficient archiving systems for many tasks such as backup, speedy retrieval of
information, as well as avoiding human-caused errors. Today, it becomes clear that the
huge amount of textual data and the vast flow of information require powerful methods for
data analysis, classification, and categorization. The literature review demonstrates some
of the applications that employ text classification and the related algorithms such as the
well-known weighting scheme term frequency – inverse document frequency (TF-IDF).

Recently, there has been quite a significant research to promote intelligent information
retrieval (IR) algorithms for highly gratified results in text mining applications. However,
almost all IR algorithms employ the most famous weighting scheme TF-IDF [1,2] as a
method to find the degree of importance (i.e., the weight) of each word in the data
collection. Utilizing the weights of words is a great idea that plays an important role to
enhance the performance in the IR systems. For instance, the study in [3] pointed out
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that the weighting schemes dominate the performance in text classification task. The
main objective of TF-IDF is to alleviate the negative effect of the common words in the
classification process. It is unavoidable that documents generally contain some common
words such as the propositions (e.g., in, at, and or). The TF-IDF has two parts (TF
and IDF) that are when multiplied together produce the weight of each word. TF is
the frequency of a particular word in a particular document (i.e., the significance of the
word in this document) while the IDF is the logarithm of the total number of documents
divided by the total number of documents the word appears (i.e., how infrequent a word
is in the corpus). Despite that TF-IDF has been successfully implemented in many IR
applications, there is some capacity for further enhancement. For instance, the study in [4]
indicated that the most commonly used IT-IDF method is unsupervised and, accordingly,
they claimed it is not the best choice for IR.

In this paper, we consider employing the word’s standard deviation as a new factor
in the TF-IDF model. In fact, the research toward enhanced TF-IDF variants is not
new. For instance, the study in [5] has one variant. The intuition behind our work
is that the standard deviation is a suitable candidate to capture the words that have
large scatter among the data collection. That is, we propose using standard deviation as
another factor to include the effect of the word’s spreading (i.e., the word’s dispersion).
From classification point of view, the more the word appears in the documents, the less
discriminative power it has. In the same meaning, it is indicated in [6] that the fewer a
term appears in categories, the more discriminative the term is for text categorization.
For evaluating the proposed method, we implemented the new weighting scheme for a
classification task using an Arabic data collection. In this work, we used the vector space
model (VSM) [7]. VSM is a semantic loss method that ignores the semantic relationships
between words. Therefore, we used the latent semantic indexing (LSI) [8] method that
focuses on the semantic meaning of words through the singular value decomposition (SVD)
[9] method. Hence, SVD is a mathematical matrix operation that is used to uncover
the words relationships as well as to reduce the number of dimensions of the document
vectors. The cosine similarity measure was used for classification using a data collection
that contains 1,500 documents for training and 250 documents for testing. The data
collection has five categories. Despite that the proposed work was evaluated against an
Arabic data collection, nevertheless, the extended TF-IDF weighting scheme might have
benefits to other languages.

In the next section, we present the literature review. In Section 3, we present some of
the Arabic text challenges followed by the proposed method in Section 4. In Section 5,
we present the experimental results and the conclusion is shown in Section 6.

2. Literature Review. The TF-IDF has widely been studied in text mining and IR re-
search. In fact, the TF-IDF is an extremely important weighing scheme which many of the
IR studies utilize for better performance. In this section, we demonstrate some of the TF-
IDF based weighting schemes. However, we emphasize that none of the published studies
consider the standard deviation concept. The study in [10] indicates that the TF-IDF does
not leverage the information implicitly contained in the categorization task to represent
documents. Hence, it introduces a new weighting method based on statistical estima-
tion of the importance of a word for a specific categorization problem. A term weighing
measure was proposed in [11], and the measure is based on an information-theoretic view
of retrieval events. It is expressed as a product of the occurrence probabilities of terms
and their amounts of information. It is indicated in [12] that the conventional TF-IDF
might cause high false alarm rate in anomaly detection. Hence, it presents a model that
considers the special information between different processes and sessions of computer
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audit data. An improved TF-IDF approach was proposed in [13] based on confidence,
support and characteristic words. Synonyms defined by a lexicon are processed in the
improved TF-IDF approach. The research in [14] demonstrates that the shortcoming of
traditional weighting schemes is the limitations in extracting semantically exact indexes
that represent the semantic content of a document. Hence, it presents an enhanced TF-
IDF model in an indexing formalism that considers not only the terms in a document,
but also the concepts. To improve the term’s discriminating power, [15] proposed a term
weighting scheme called term frequency – relevance frequency (tf.rf) that considers the
relevant document distribution.

The literature also has many studies that consider adaptation of TF-IDF. For instance,
the study in [16] proposed an ontology-based scheme for the semiautomatic annotation
of documents and a retrieval system. Weights were computed automatically by an adap-
tation of the TF-IDF algorithm, based on the frequency of occurrence of the instances
in each document. In [17], the researchers indicate that the limitation of the TF-IDF
approach is high dimensionality of data and it does not consider the relations among the
terms. Therefore, they proposed an approach that is called weighted concept frequency-
inverse document frequency (CF-IDF) with background knowledge of domain ontology.
The work in [18] presents a weighting scheme that is based on finding the average word
occurrences of words in documents. They also use the document centroid vector to re-
move less significant weights from the documents. A term weighting scheme is proposed
in [19] to exploit the semantics of categories and indexing terms. They indicate that the
proposed method is to overcome the limitation of the TF-IDF that only exploits statistical
information of terms in documents. [20] indicates that the IDF in the TF-IDF is oblivious
to the training class labels and naturally scales some features inappropriately. Hence, they
replace IDF with bi-normal separation (BNS) with excellent at ranking words for feature
selection filtering. The study in [21] demonstrates a supervised framework for extracting
keywords from meeting transcripts. They indicate that a feedback loop mechanism is able
to outperform both TF-IDF weighting and a keyphrase extraction system known for its
satisfying performance on written text.

Recently, there are some studies that utilize enhanced TF-IDF variants in different
applications. The study in [22] introduces a recommender system that employs TF-
IDuF as a term-weighting scheme that does not require access to the general document
corpus and that considers information from the users’ personal document collections. [23]
provides a probabilistic explanation for the TF-IDF heuristic. It also shows that the ideas
behind explanation can help us come up with more TF-IDF variants. The study in [24]
generalizes the IDF in the standard TF-IDF by proposing to use joint IDF for a set of
terms together, compared with using each term’s IDF individually. The above-mentioned
studies show that the standard deviation has not yet been implemented in IR weighting
schemes that is the motivation of this work. Regarding linguistic applications that utilize
the standard TF-IDF, Table 1 shows some of the noted applications.

3. Text Classification Challenges. Text classification is a challenging task especially
when the text has many words that are related to different categories or topics. For
example, Figure 1 contains a document that belongs to the sport category based on our
knowledge of the training data collection in this work. However, it has few words re-
lated to the sport category. Instead, it has some words that are related to the economy
category such as { businesspersons, business & finance cen-
ters}. In addition, there are some words that are related to the education category such

as { researchers, a university}. Of course, the text classification task
has other challenges such as stop words that have little discriminative power. Examples
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Table 1. Utilizing TF-IDF in different IR applications

Reference Domain
[25] Classification of email into a user-defined hierarchy
[26] Document classification
[27] Discovering frequent sequential patterns and phrases
[28] Multi-document summarizer
[29] Intrusion detection
[30] Measuring the semantic similarity
[31] Content-based recommendation
[32] Indexing information framework based on semantics
[33] Summarization
[34] Predicting social tags from MP3 for music recommendation
[35] Automatic mood classification for music systems
[36] Extractive summarization of microblog posts
[37] Detecting phishing web sites
[38] Content recommendation system based on user profile
[39] Classifying duplicate bug reports

Figure 1. An Arabic article with its translation using Google translator

include the prepositions { from, to, in, on}. Intuitively, since the
discriminative words play a vital role in the classification process, the variety of docu-
ment’s contents might increase the misclassification rate. The presented document, in
Figure 1, raises the importance of choosing the best discriminative words especially when
the corpus documents have such contents diversity.

For further illustration of the challenges in text classification, we consider the following
case that demonstrates an article of different categories. The title and a part of the
body of the article is shown in Figure 2. The article is related to an interview with the
ambassador of Senegal in Kuwait. No doubt, these kinds of articles generally contain
different topics of different categories such as politics, economy, and education. Figure 2
also shows some of keywords that appear in the article. The keywords clearly belong to
different categories and, therefore, it will be hard to categorize the document in question.
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Figure 2. An Arabic article with some different keywords

From linguistic point of view, Arabic is a rich language that requires effective text
classification algorithms in order to handle different aspects of the language such as mor-
phology, vocabulary, and syntax. [40] highlights some of the challenges of the Arabic
language. In addition, [41] implemented the conventional TF-IDF for Arabic text using
different machine learning classifiers.

4. The Proposed Method. The proposed method is based on the standard TF-IDF
weighting scheme that is one of the popular term weighting methods in various text
domains. TF-IDF is very effective for selecting important words that assigns large weights
to the high frequency terms in individual documents, but is at the same time relatively
rare in the entire corpus. The classical formula of standard TF-IDF is shown in the
following Formula (1):

wi,j = tfi,j log

(
N

dfi

)
(1)

where wi,j is the weight for word i in document j, tfi,j is the frequency of word i in
document j, N is the number of documents in the collection, and dfi is the number
of documents that contains the word i. The proposed method suggests to combine the
standard deviation (STD) of each word along with the standard TF-IDF weighting scheme.
[42] defines the standard deviation as shown in the following Formula (2):

standard deviation (STD) =

√√√√ 1

N

N∑
i=1

(xi − µ)2 (2)
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where N is the total number of observation, xi is an observation, and µ is the mean.
Hence, standard deviation is the positive square root of the variance that quantifies the
spread of observations. [43] indicated that standard deviation is a dispersion measure that
summarizes the extent of spread of observations in a sample. Accordingly, it is expected
that the high standard deviation produces a high word’s dispersion. Therefore, we used
this measure to penalize the words that have high standard deviation, and reinforce
the words with low standard deviation. As above indicated, we used LSI method for
feature extraction. Hence, the standard deviation will be considered when creating the
LSI term-by-document matrix. For illustration, Table 2 shows an example of a typical
term-by-document matrix that is partially filled by some random numbers (i.e., the row
of the word1 and the row of the word4).

Table 2. A typical partially filled term-by-document matrix

doc1 doc2 doc3 doc4 doc5 doc6 doc7
word1 0 1 0 0 0 1 0
word2
word3
word4 2 2 0 1 1 0 1
word5
word6

Word1 appears in doc2 and doc6 (i.e., at position 2 and position 6 of the word’s row).
In this work, we used Python, hence, the index starts at 0 when creating the term-by-
document matrix, and the position of the word1 will be 1 and 5. The standard deviation
of the two numbers 1 and 5 is 2. Similarly, word4 appears in the position (1, 2, 4, 5, and
7) that becomes (0, 1, 3, 4, and 6). The standard deviation of these numbers is 2.13.
Accordingly, as the word appears in more document, its standard deviation gets larger.
This is the characteristic of the common words that are generally distributed in a large
number of documents. For control effect of this measure (i.e., the STD), we propose using
normalizing to scale the values between 0 and 1 before using it. To have the STD included
in the standard TF-IDF weighting scheme, we propose the following new weight Formula
(3):

Weight (w) = TF -IDF ∗ (1 − normalized (STD)) (3)

In this case, the standard deviation will increase the weight of the words that have low
standard deviation; and at the same time, it will decrease the weights of words that have
high standard deviation. To investigate the proposed method, we prepared an Arabic text
corpus that contains 1,750 documents for training and 250 documents for testing. The
training set contains 929,205 words with 80,156 unique words. The collected documents
belong to five categories as shown in Table 3. The corpus was prepared with the help
by Alqabas newspaper in Kuwait [44]. Table 3 shows the statistical information of the
corpus.

Before using the corpus, we performed a preprocessing stage that includes deleting all
out of the Arabic characters. It also includes deleting numbers, commas, full stops, and
all other symbols. The normalization process includes changing some of Arabic characters
such as ( ) and ( ). In the following algorithm, we present all necessary steps to
implement the proposed method.

• Create the term-by-document matrix. It is the first step in LSI method. The training
data set is used to create a matrix with rows to represent the words and the columns
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to represent the documents. However, three issues have to be considered before
generating the matrix as the following.
– Document frequency (DF) is set. DF is a threshold that indicates how many

different documents a selected word appears. This measure is set according to
the experience of the training data set. For instance, if DF is set to 5, then only
the words that appear in at least five different documents will be included in the
term-by-document matrix.

– Ignore characters declared. Sometime it is important to discard some characters
that do not help in the classification process. For instance, all English characters
might be discarded since our system is for the Arabic text.

– Term-by-document matrix is weighed using the proposed weighting scheme.
• SVD is employed to generate the K rank feature vectors. The K rank gives the

number of the dimensions of the generated document vectors. For instance, if K is
chosen as 2, then the document vectors will be of two dimensions. Again, choosing
K is related to the experience to find the optimal performance as well as to the size
of the data.

• The cosine classifier is implemented. However, other distance measures can be used
such as the Euclidean distance. We used the cosine measure according to its popu-
larity to find the similarity between two vectors in n-dimensional space.

• Performance is evaluated. We used accuracy measure that is the total number of
correctly classified documents (in a category) divided by the total number of example
in the corresponding category. Since we measure the accuracy for different cases such
as the DF and K rank, we used the average accuracy as an indication to the overall
performance of the proposed method.

Table 3. The corpus information

The training data collection

# Category
Number of
documents

Number of words
Number of

unique words
1 Economy 350 225, 659 31, 942
2 Health 350 151, 912 25, 835
3 Education 350 224, 078 35, 294
4 Sports 350 135, 473 24, 056
5 Tourism 350 192, 083 28, 218

Total 1, 750 929, 205 80, 156*
The testing data collection

1 Economy 50 22, 031 6, 959
2 Health 50 29, 722 9, 386
3 Education 50 35, 338 8, 961
4 Sports 50 15, 168 5, 482
5 Tourism 50 20, 268 6, 794

Total 250 122, 527 24, 496*
* It is not algebraic summation since the common words are not counted.

To clarify the proposed method, we used a small corpus that contains five English
quotes to build a small term-by-document matrix. The example shows how to employ
the standard deviation along with the standard TF-IDF. The small corpus includes the
following short sentences:

1) “window of opportunity will not open itself”
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2) “in the middle of difficulty lies opportunity”
3) “luck is a matter of preparation meeting opportunity”
4) “imagination rules the world”
5) “the man who has no imagination has no wings”
In this example, the created term-by-document matrix ignores all words that are less

than four characters such as {a, of, is, who, has}. Hence, the dictionary contains 16 words
as follows: [‘difficulty’, ‘imagination’, ‘itself’, ‘lies’, ‘luck’, ‘matter’, ‘meeting’, ‘middle’,
‘open’, ‘opportunity’, ‘preparation’, ‘rules’, ‘will’, ‘window’, ‘wings’, ‘world’]. Table 4
shows the term-by-document matrix using terms counts for each dimension (i.e., for each
feature). In the table, d is the shorthand for document.

Table 4. The dictionary and the term-by-document matrix

Dictionary
Term-by-Document Matrix

(no weight, only term count)
# Word (dimension) d1 d2 d3 d4 d5
1 difficulty 0 1 0 0 0
2 imagination 0 0 0 1 1
3 itself 1 0 0 0 0
4 lies 0 1 0 0 0
5 luck 0 0 1 0 0
6 matter 0 0 1 0 0
7 meeting 0 0 1 0 0
8 middle 0 1 0 0 0
9 open 1 0 0 0 0
10 opportunity 1 1 1 0 0
11 preparation 0 0 1 0 0
12 rules 0 0 0 1 0
13 will 1 0 0 0 0
14 window 1 0 0 0 0
15 wings 0 0 0 0 1
16 world 0 0 0 1 0

The information provided in Table 4 is used to create the weighted term-by-document
matrix using the standard TF-IDF scheme. The weighted words are shown in Table
5. For example, the weight of the word “imagination” in document number 4 (d4) is
(1/3)*ln(5/2) = 0.333*0.916 = 0.31, according to Formula (1). The word of the weight
zero means that this word does not appear in the corresponding document.

Table 6 shows the weight of each word using the proposed method that uses the stan-
dard deviation along with the standard TF-IDF (i.e., TF-IDF*(1−STD)). Intuitively, the
standard deviation has been calculated for teach word at the first place. Therefore, we
found the normalized standard deviation as follows { difficulty, 0; imagination, 0.61; itself,
0; lies, 0; luck, 0; matter, 0; meeting, 0; middle, 0; open, 0; opportunity, 1; preparation,
0; rules, 0; will, 0; window, 0; wings, 0; world, 0 }. For clarification, to find the standard
deviation of the word “imagination”, it was indicated in Table 4 that this word appears
in document 4 and document 5. However, Python starts indexing at zero, so the word
“imagination” appears in the position 3 and 4. The mean of these two values is 3.5.
The standard deviation is the square root of ((3 − 3.5)∧2 + (4 − 3.5)∧2)/2 = 0.5. For
all calculated standard deviations, the minimum value is 0 while the maximum value is
0.816, and the maximum value belongs to the word “opportunity”. Hence, the normalized



STANDARD DEVIATION IN TEXT CLASSIFICATION WEIGHTING SCHEMES 1393

Table 5. TF-IDF weight term-by-document matrix

Dictionary Term-by-Document Matrix (TF-IDF weight)
# Word (dimension) d1 d2 d3 d4 d5
1 difficulty 0 0.40 0 0 0
2 imagination 0 0 0 0.31 0.46
3 itself 0.32 0 0 0 0
4 lies 0 0.40 0 0 0
5 luck 0 0 0.32 0 0
6 matter 0 0 0.32 0 0
7 meeting 0 0 0.32 0 0
8 middle 0 0.40 0 0 0
9 open 0.32 0 0 0 0
10 opportunity 0.10 0.13 0.10 0 0
11 preparation 0 0 0.32 0 0
12 rules 0 0 0 0.54 0
13 will 0.32 0 0 0 0
14 window 0.32 0 0 0 0
15 wings 0 0 0 0 0.80
16 world 0 0 0 0.54 0

standard deviation value of the word “imagination” is (0.5 − 0)/0.816 − 0 0.61 based
on the following general Formula (4):

Normalized xi = (xi − min(X))/(max(X) − min(X)) (4)

Similarly, the normalized standard deviation of the word “opportunity” is 1 since it
is the most distributed word in this small corpus. According to the proposed method,
TF-IDF*(1−STD), the weight of the “opportunity” is 0 as shown in Table 6. The weight
of the word “imagination” in document 4 (i.e., d4) is 0.31 ∗ (1 − 0.61) = 0.12. Similarly,
The weight of the word “imagination” in document 5 (i.e., d5) is 0.46∗(1−0.61) = 0.1794
which is approximately 0.18 as shown in Table 6.

Likewise, the testing set feature vectors created using the same information in the
dictionary. For instance, to create the feature vector of the word “imagination”, it is
simply a vector of 16 dimensions (according to the dictionary size). All dimensions are
zero except the location of the word “imagination”, the second position in this case, as
follows: [0, 0.26, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0].

5. The Experimental Results. A number of experiments were conducted to evaluate
the proposed method against text classification task. A term-by-document matrix was
generated for different experimental cases. The first experimental case had no words
weights, and only the words counts were used in the matrix. The second case implemented
the standard TF-IDF, and the third case utilized the proposed method that used TF-IDF
with the standard deviation. We used different low rank approximates of the term-by-
document matrix. Hence, by K rank approximation, we mean the number of eigenvalues
used in the reduced feature vectors of the documents. Since we do not know, in advance,
the optimal DF and K rank approximation, various DF and K rank values were used
to evaluate the performance. We did not use stoplist, as the proposed method already
panelizes the words that spread out through the corpus. In our experiments, we discarded
all words that are less than four characters length. Table 7 presents the results without
weighting, only words count.
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Table 6. The term-by-document matrix using the proposed method

Dictionary
Term-by-Document Matrix
(TF-IDF*(1−STD) weight)

# Word (dimension) d1 d2 d3 d4 d5
1 difficulty 0 0.40 0 0 0
2 imagination 0 0 0 0.12 0.18
3 itself 0.32 0 0 0 0
4 lies 0 0.40 0 0 0
5 luck 0 0 0.32 0 0
6 matter 0 0 0.32 0 0
7 meeting 0 0 0.32 0 0
8 middle 0 0.40 0 0 0
9 open 0.32 0 0 0 0
10 opportunity 0 0 0 0 0
11 preparation 0 0 0.32 0 0
12 rules 0 0 0 0.54 0
13 will 0.32 0 0 0 0
14 window 0.32 0 0 0 0
15 wings 0 0 0 0 0.80
16 world 0 0 0 0.54 0

Table 7. The results without TF-IDF weight

DF K rank Accuracy (%)
10 10 83.2
10 20 84.0
10 30 81.2
10 40 82.8
15 10 83.2
15 20 84.0
15 30 80.0
15 40 82.4
20 10 84.0
20 20 84.4
20 30 81.6
20 40 81.2
25 10 84.0
25 20 83.2
25 30 80.0
25 40 81.2

Average 82.5 (%)

Table 7 shows that the maximum accuracy is 84.4% that is found at DF = 20 and
K = 20. The average of the accuracies for randomly selected DF and the K rank values
found to be 82.5%. No doubt, the performance is better when using the standard TF-
IDF as shown in Table 8. The maximum score was 90.4% at DF = 10 and K = 40. The
average of the accuracies is 89.5%.
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Table 8. The results using the standard TF-IDF weight

DF K rank Accuracy (%)
10 10 89.6
10 20 89.2
10 30 90.0
10 40 90.4
15 10 89.2
15 20 87.6
15 30 90.0
15 40 90.4
20 10 89.6
20 20 87.6
20 30 89.6
20 40 90.0
25 10 90.0
25 20 89.6
25 30 89.6
25 40 89.6

Average 89.5 (%)

Table 9. The results of the proposed method (TF-IDF and STD)

DF K rank Accuracy (%)
10 10 89.6
10 20 94.0
10 30 92.8
10 40 92.4
15 10 92.0
15 20 92.4
15 30 91.6
15 40 89.2
20 10 91.6
20 20 93.6
20 30 91.2
20 40 90.0
25 10 92.0
25 20 93.6
25 30 92.0
25 40 90.8

Average 91.8 (%)

The proposed method results are shown in Table 9. The table shows that the maximum
accuracy is found to be 94.0% at DF = 10 and K = 20. The average of accuracies was
91.8%. Hence, the proposed method outperforms the standard TF-IDF by 2.3%.

The information provided in the previous tables is demonstrated in the chart shown
in Figure 3. The chart shows that the proposed method is performing better than the
standard TF-IDF. However, few points show close accuracy, but on the average, the
proposed method has better performing than the standard TF-IDF.
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Figure 3. The performance enhancement of the proposed method

Figure 4. Confidence interval calculation formulas

Finally, we investigated whether the proposed method significantly outperforms the
standard TF-IDF method. We used the tests of significance method that was proposed
by Plötz in [45] to detect the significance of the obtained enhancement. We used 95% as
a level of confidence. We also used the average error rate of the proposed method to be
8.2% (100 – 91.8, see Table 9). The first step is to compute the confidence interval [l, u]
based on the formulas that are shown in Figure 4, where ε̂ is the average error rate and N
is the total number of documents in the testing set (i.e., 250 documents). Since we used
95% as a level of confidence, z is equal to 1.96 from the standard normal distribution.
Level of confidence might be interpreted as a 95% probability that a standard normal
variable, z, will fall between −1.96 and 1.96.

The confidence interval is computed and found to be [9.15%, 12.02%]. The average
error rate of the proposed method is 8.2%. Since 8.2% is outside the confidence interval,
we conclude that the proposed method significantly outperforms the standard TF-IDF.

6. Conclusion. The TF-IDF weighting scheme is a popular method that is widely used
to enhance the performance in text classification systems. This paper presents a new im-
proved TF-IDF variant that is based on the word’s standard deviation. The experimental
results show that the proposed method significantly outperforms the conventional TF-
IDF. The paper’s contribution boosts the research to find more variants of the TF-IDF.
As a future work, we propose to utilize the proposed method for extracting the stop words
list. We also propose to investigate the modified weighting scheme for other text mining
applications such as document clustering such as in [46].
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