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In the proposed approach, the output from equation 2 used 
as input in the reputation equation. After the polarity calculated 
of both the positive and negative class, with the numbers of 
retweeting and favorite. The polarity number (e.g. positive 
class) took as a positive representation in the reputation 
equation. The equation 3 represent reputation equation: 

  
 

   
               (3) 

The α represent α = r + 1 and β = s + 1, where r is the 
output of popularity scoring number for positive classes and s 
the output of popularity scoring number for negative ones. 

To clarify the equation let consider this example: if α 
equals 9 and β equals 3. After applying the equation 3, the 
reputation score can be calculated as: R = 9/(9 + 3) = 3/4= 
0.75. 

IV. RESULTS AND EVALUATION 

This section indicates the results of the calculated 
reputation through a proposed methodology. By applying a 
hybrid sentiment analysis approach on 15,000 collected tweets. 

A. Evaluation Metric 

The proposed sentiment analysis that was applied was 
based on two stages: the primary stage and the advanced stage. 
On the primary stage SVM, DT, and MNB classification 
algorithms are used to capture the sentiment. For the training 
model 80% of the data was used and for testing 20% was used. 
Moreover, to measure the performance of classification four 
measurements are used in this study, which are the accuracy, 
precision, recall, and F-score. 

Accuracy: is the degree of closeness of the classified 
outcomes to the true value. Measurement of the accuracy is 
significantly important because it reflects the percentage to 
realize the correct pattern and polarity. Where T P indicate 
True Positive, TN for True Negative, F P for False Positive, 
and FN for False Negative. 

          
     

           
            (4) 

Precision: The ability of the model to anticipate the positive 
classes. It’s calculated by divided true positives over a total 
number of true positives and false positives. 

          
  

     
             (5) 

Recall: The values that the model was able to deter-mine 
correctly. It’s calculated by divided true positives over a total 
number of true positives and false negatives. 

       
  

     
              (6) 

F-Score or the F-Measure: conveys the harmonic mean 
between the precision and the recall. It represents the 
integration of both precision and recalls into a single score. 

        
                

                
            (7) 

After the primary sentiment analysis stage performed the 
results of the evaluation model summarize Precision, Recall, F-
score, and Accuracy in Tables II, III, and IV. 

From the Tables II, III, and IV, the SVM gives a higher 
accuracy among the three classifiers. The accuracy of the three 
companies for STC, Mobily, and Zain equal 92%, 95%, and 
89% respectively as Fig. 4 showed. DT mostly gives low 
results compared to the other classifiers because some classes 
are imbalanced. 

TABLE II. THREE CLASSIFIER RESULT FOR STC COMPANY 

STC 

Support Vector Machines classifier 

Data label Precision Recall F-Score 

Positive 0.95 0.91 0.93 

Negative 0.88 0.93 0.90 

Accuracy 

0.92 

Decision Tree classifier 

Data label Precision Recall F-Score 

Positive 0.86 0.91 0.88 

Negative 0.86 0.78 0.82 

Accuracy 

0.86 

Naive Bayes classifier 

Data label Precision Recall F-Score 

Positive 0.96 0.81 0.88 

Negative 0.78 0.96 0.86 

Accuracy 

0.87 

TABLE III. THREE CLASSIFIER RESULT FOR MOBILY COMPANY 

Mobily 

Support Vector Machines classifier 

Data label Precision Recall F-Score 

Positive 0.94 1.00 0.97 

Negative 1.00 0.70 0.82 

Accuracy 

0.95 

Decision Tree classifier 

Data label Precision Recall F-Score 

Positive 0.95 0.98 0.97 

Negative 0.91 0.77 0.84 

Accuracy 

0.95 

Naive Bayes classifier 

Data label Precision Recall F-Score 

Positive 0.96 1.00 0.98 

Negative 0.98 0.79 0.88 

Accuracy 

0.96 
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TABLE IV. THREE CLASSIFIER RESULT FOR ZAIN COMPANY 

Zain 

Support Vector Machines classifier 

Data label Precision Recall F-Score 

Positive 0.93 0.70 0.79 

Negative 0.87 0.97 0.92 

Accuracy 

0.89 

Decision Tree classifier 

Data label Precision Recall F-Score 

Positive 0.68 0.71 0.70 

Negative 0.86 0.85 0.86 

Accuracy 

0.80 

Naive Bayes classifier 

Data label Precision Recall F-Score 

Positive 0.87 0.65 0.74 

Negative 0.85 0.95 0.90 

Accuracy 

0.86 

 

Fig. 4. Accuracy Comparison of SVM for the Three Companies. 

B. Evaluation of Reputation 

As mentioned before the analysis only included the positive 
and negative labels. After eliminating the natural labeled, 
duplicated, and blanked the dataset was reduced to 6,875. Two 
tests were applied to capture the impact of the Popularity 
Scoring equation on mustering reputation. 

The first test was applied without the Popularity Scoring 
equation, so the number of retweets and favorites did not 
include. Only the total number of the classified tweet (e.g. 
Positive classified tweet) which represents α in the reputation 
equation. For example, the positive classified tweet for STC is 
1636, where the negative is 1134. By applying the reputation 
equation 3 the reputation scores equal to 0.59. 

The second test by applying the Popularity Scoring 
equation where the number of retweets and favorites counted. 
The result after applying the reputation equation was higher. 
The reputation score for STC was 0.97. 

However, taking into consideration the number of retweets 
and favorites for each tweet showed an improvement in 

calculating reputation. Table V and Fig. 5, 6 shows the 
difference in reputation score between the two testing. 

TABLE V. COMPARISON OF THE REPUTATION SCORES OF THE THREE 

COMPANIES 

Without Popularity Scoring With Popularity Scoring 

STC 

0.59 0.97 

Mobily 

0.82 0.74 

Zain 

0.31 0.19 

 

Fig. 5. Comparison of the Reputation Scores of the Three Companies. 

 
(a) STC Reputation Score. 

 
(b) Mobily Reputation Score. 

 
(c) Zain Reputation Score. 

Fig. 6. Reputation Scores before and after Applying Popularity Scoring 

Equation. 
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From the result, the STC reputation score was higher after 
applying the Popularity Scoring equation. While Mobily and 
Zain indicate the lowest reputation score after applying the 
Popularity Scoring equation. The reputation scores of Mobily 
and Zain decreased, and this is not due to defective or 
erroneous results, but after applying a Popularity Scoring 
equation gave more accurate results that included the re-tweet 
calculation and favorites. 

V. CONCLUSION AND FUTURE WORK 

In this study, a new opinion review presented based on a 
hybrid approach focused on the undertaking of sentence-level 
sentiment analysis to calculate reputation scores from Arabic 
tweets. The divergence of opinions between the customers of 
Telecom service providers in Twitter causes a need for a new 
approach to determine the reputation score of service providers 
involving developing a new way to compute the polarity of 
Arabic sentiment. 

A new step was added to the traditional sentiment analysis 
process to enhance its accuracy. First, the significance value of 
counting the retweets and favorites numbers in the polarity 
score explains, which represents a non-verbal opinion. Second, 
developing a reputation approach based on the polarity score of 
sentiment. The first step could assist the classifier to 
understand and make a better accuracy about the sentiment 
analysis in Arabic text. 

Different measures to evaluate the performance and 
efficacy of the classification were used in this study: the 
accuracy, precision, recall, and F-score. The result indicates 
that the SVM is the best-performed classifier, while the lowest-
performing classifier is the Decision Tree. Also, the degree of 
reputation indicates that the STC company represents the 
highest reputation among its customers compared to other 
companies. 

For future work, the approach will expand to consider 
multilevel word polarity instead of binary level. Also, there is a 
need to study the demographic characteristics of customers. In 
the data label, there may be a possibility where some word 
polarity is not noticed correctly. Currently, those instances are 
not handled so, it’s better to use a lexicon-based approach 
besides labeling data by the Maza-jak tool. Moreover, the spam 
tweets should distinguish and eliminate to deliver more reliable 
reputation scores. 
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