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 In this study, we used several classifiers and vectorizers to see their effect on 

processing social media data. In this study, the classifiers used were random 

forest, logistic regression, Bernoulli Naive Bayes (NB), and support vector 

clustering (SVC). Random forests are used to reduce spatial complexity, and 

also to minimize errors. Logistic regression is a method with a statistical model 

whose basic form uses a logistic function to represent the binary dependent 

variable. Then, the Naive Bayes function uses binary elements and SVC which 

has so far given good results rivals other guided learning. Our tests use social 

media data. Based on the tests that have been carried out on classifier 

variations and vectorizer variations, it was found that the best classifier is a 

linear regression algorithm based on predictive adaptive compared to the 

random forest method based on decision trees, probability-based Bernoulli NB 

and SVC which work by clustering. Meanwhile, from the test results on the 

count vectorizer, term frequency-inverse document frequency (TFIDF), and 

hashing, the best accuracy is achieved on the TFIDF vectorizer. In this case, 

it means that the TFIDF vectorizer has a better value in presenting word 

feature dimensions. 
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1. INTRODUCTION 

Affordable digital devices and internet access allow people to obtain information quickly and easily. 

The dissemination of information at this time cannot be separated from the increasingly existing use of social 

media. The Ministry of Communication and Information stated that Indonesian people use the internet more 

to access social media [1]. Social media is an online application that allows its users to interact, participate, 

collaborate, and share information [2], [3]. The process of collecting data from the social media is known as 

crawling or text mining in natural language processing. Social media currently has an important role in 

various aspects of human life [4], [5]. Social media becomes a means to share information for its users [6]. 

Data stored on social media is very useful if it can be processed into information. Before being 

processed into information, the data contained in social media must be collected first, for further analysis and 

extraction of information is carried out [7]. To collect information, a data collection technique called the 

crawling technique can be used [8]. In this research, crawling techniques will be implemented to collect data 

originating from the social media Twitter [9]. Where the results of this study can be used for analysis and 

information extraction.  

Data from the social media will be tested using several types of classifiers and vectorizers. There are 

many types of classifiers commonly used to classify sentiment analysis. In doing classifications, classifier 

https://creativecommons.org/licenses/by-sa/4.0/
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algorithms used both machine learning and non-machines learning methods. Some of the algorithms and 

classification methods most often used are machines learning-based methods such as support vector 

machines (SVM), neural network (NN), Naive Bayes, decision tree, k-nearest neighborhood, and many other 

methods [10]–[13]. In this research, the type of classifier used is the random forest classifier. The random 

forest classification is done to reduce the complexity of the space, also, the random feature selection method 

to minimize errors [14]. Then, we also test the logistic regression algorithm which is a method with a 

statistical model whose basic form uses logistic functions to represent binary dependent variables [15]. In this 

study, we also use the Bernoulli Naive Bayes (NB) which is a function of the Naive Bayes classifier that uses 

binary elements and support vector clustering (SVC) which so far has provided good results rivaling other 

guided learning [1]. 

In several types of classifiers tested, we tested the strength of each classifier method with several 

vectorizers. The type of vectorizer used to be tested with the four classifiers above is the count vectorizer, 

term frequency-inverse document frequency (TFIDF) vectorizer, and hashing vectorizer. The experimental 

process was carried out on data from the social media relating to community sentiment towards the service 

and performance of the government of a city on the Indonesian island of Sumatra. 
 

 

2. EXPERIMENTAL ON SCRAPPED SOCIAL MEDIA DATA 

In this study, we carried out 3 main processes that will be performed on each type of classifier with a 

vectorizer combination. The process includes the process of crawling data, training and testing data. 

The technology to perform the crawling technique will be developed using the Python programming language. 

This is done to provide an alternative for users to use the crawling function. This research focuses on classifier 

and vectorizer experiments on data crawling from Twitter social media. 

For this Twitter crawling technique, Twitter has given users access to take advantage of the Twitter 

application programming interface (API). So, by utilizing the Twitter API, users can easily obtain data such 

as tweets, user data, and others. For further collected and stored in a file or database. Following is the first 

step flowchart from the data collection process. 
 

 

 
 

Figure 1. Data collection process flowchart 
 

 

In Figure 1, the data retrieval is performed using the Twitter API that has been provided by Twitter 

to facilitate users to be able to interact with data on Twitter. These data, for example, are tweets, user IDs, 

location, time of tweet creation and others. To utilize Twitter API, users must use server-side scripting 

languages such as PHP, Python, R, and others. 

By using these languages, users can make requests to the Twitter API, and the response results are 

forgotten in the JSON format. To secure user communication with the Twitter API, Twitter implements 

OAuth or Open Authorization. OAuth is an open protocol that allows users to share personal resources such 

as photos, videos, user data, and others stored on a website, with other sites without providing the user’s 

name and password. OAuth allows users to provide access to third-party sites to access their information 

stored at other service providers without having to share access permissions or their entire data. 
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2.1.  Social media data 

Crawling is a technique used to gather information on the web. Crawling works automatically, 

where information is collected based on keywords provided by the user. The tool used for crawling is called a 

crawler. Crawlers are programs that are programmed with certain algorithms, so that they can scan web 

pages, according to the web address or keywords provided by the user [15]. When scanning, the crawler will 

read the text, hyperlinks, and various tags used on the web page. Based on this information, crawlers will 

index the information or store the information in a file or a database. Of these, divided into several categories 

of users according to the type of social media users. Social media is divided into five categories [15], namely: 

a) Social networks, for example like Facebook, LinkedIn, and others 

b) Microblogging, like Twitter, Tumblr, and others 

c) Photo sharing, such as Instagram, Flickr, and others 

d) Video sharing, such as YouTube, Vimeo, and others 

e) Instant messaging, like WhatsApp, Line, and others 

In this study, we use social media twitter. Because Twitter is a social media whose data is more 

dominant in the form of text and is the most widely used. Twitter is a social networking service, which 

allows users to communicate with each other. In the message sent, when mentioning the name of another user 

then the tweet is written with an @ followed by the user’s name. Users can use the # sign (hashtag) to write 

messages based on topics [16], [17]. 
 

2.2.  Classifier  

2.2.1. Random forest 

The random forest classification is a tree-based algorithm that approaches stochastic discrimination 

in classification. Development of trees in the random forest until it reaches the maximum size of the data 

tree [18]–[20]. However, the construction of random forest trees is not carried out pruning which is a method 

to reduce the complexity of the space. Development is carried out by applying the random feature selection 

method to minimize errors [21]. 

 Formation of the tree with sample data using variables that are taken at random and run classification 

on all trees that are formed. Random forest uses a decision tree to do the selection process. The tree that is built 

is recursively divided from data in the same class. Split tools are used to split data based on the type of 

attribute used. Making bad trees will make conflicting random predictions. Thus, some decision trees will 

produce good answers [22]. The advantage of using the random forest is being able to classify data that has 

incomplete attributes, can be used for classification and regression but not too good for regression, more 

suitable for classifying data and can be used to handle large sample data [23].  
 

2.2.2. Logistic regression 

The logistic regression method is a method based on predictive analysis. This logistic regression 

method is commonly used to describe data and explain the relationship of dependent binary variables or 

nominal, ordinal, interval or ratio-level independent variables [21]. The logistic regression method is a 

method with a statistical model whose basic form uses logistic functions to represent binary dependent 

variables, even though there are more complex extensions. In regression analysis, logistic regression (or logic 

regression) estimates the parameters of the logistic model (a form of binary regression) [19].  

There are three main types of logistic regression that differ in execution and theory. Among other 

things, namely binary logistic regression which is suitable for classifying an object, binary logistic regression 

only provides two possible answers. This concept is usually represented as 0 or 1 in the encoding. For example, 

assessing cancer risk (high or low result) [24]. Another type is multinomial logistic regression. This model 

provides several classes that can be classified as items. There is a set of three or more classes that have been 

defined and prepared before running the model. For example, predicting whether a student will go on to 

college, trade school, or into the world of work. And the last type is ordinal logistic regression. This type is 

also a model where there are several classes that can be classified as items, but need class sorting. Classes do 

not need to be proportional and the distance between each class can vary. For example, rating a restaurant on 

a scale of 0 to 5 stars. For this study we used multinomial regression because the terms of the word feature 

are more suitable when classified than ordinalized. 
 

2.2.3. Bernoulli NB 

The Bernoulli NB method (Naive Bayes) is an algorithm used to group text into document classes. 

The results of the classification of documents by the Naive Bayes method can classify documents with a 

good level. This shows that the Naive Bayes method in classifying a document is not optimal. In the 

classification of texts using the Naive Bayes classifier, there is one model that can help us group documents, 

namely Bernoulli NB.  
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Bernoulli is a Naive Bayes classifier function uses binary elements to take the value of 1 if the word 

matches the document and 0 if the word does not match [25]. The Bernoulli NB method is a method for 

classifying a text from document categories. The results of the category document classification test using the 

Bernoulli-based Naive Bayes method can classify category documents with a good level of precision. 

Bernoulli is a Naive Bayes classifier function uses binary elements to take the value 1 if the appropriate word 

is found in the document and 0 if the word does not exist. 
 

2.2.4. Support vector clustering 

Large amounts of text data can potentially produce misinformation, so you need to process the text 

with good methods. This big data can come from various sources in the field of business processes such as 

finance, management, and others. Such large data can be applied to classification into sentiment analysis. 

One method that can be used for class classification in sentiment analysis is the data mining method of 

clustering data. Testing with the clustering algorithm is done to see the results of grouping using the basis of 

guided learning in sentiment analysis work.  

Sentiment analysis work carried out using support vector clustering so far has provided good results 

rivaling other guided learning [21]. SVC algorithm, maps point from space to high-dimensional features using a 

Gaussian kernel. In the feature space, look for the constraints surrounding the data image. SVC’s limitations are 

compensated by SVM in a non-linear way. The difference between SVM and SVC is that the SVC hyperplane 

classifies datasets linearly. SVM dataset with non-linear approach. SVC returns the “best match” hyperplane 

then looks at what the “predicted” class is. SVC implements linear kernel functions to perform classification and 

works well with large sample sizes. SVC has additional features such as parameter normalization [26]. 
 

2.3.  Vectorizer 

Vectorization is used to represent the dimensions of words used in text processing. Many word 

vector formats can be formed as word features to be subjected to the analysis of sentiment classification 

work. The following are some of the vector formats tested in this study so that the effect of each feature 

format produced on the work of sentiment analysis with the methods we have determined previously [21].  

For this research, we use three types of vectorizers, namely count vectorizer, TFIDF and hashing 

vectorizer. The basis for selecting these three vectorizers is based on the fact that the three types of vectorizers are 

types of text data vectorizers that have different calculation bases. In this study, all types of vectorizers that have 

been made will be examined for their performance in the four types of classifiers mentioned in the section 2. 
 

2.3.1. Count vectorizer 

Vectorization involves counting the number of occurrences of each word that appears in a document 

from various sources such as articles, books, and even paragraphs that can be used as word features. This type 

of vector is the simplest and most common word feature format used in various studies [21]. Count vectorizer is 

the simplest vectorizer, this technique is done by counting mode data on all text data tokens used. 

Although this calculation is very simple, this method is still included as a vectorizer candidate which 

produces good scores in document classification. Count vectorizer, is a way to vectorize sentences. The goal 

is to take the words from each sentence and create a vocabulary of all the unique words in the sentence [27]. 

This vocabulary can then be used to create a feature vector of the number of words. Count vectorizer, uses 

the scikit-learn library to vectorize sentences. This library will take the words from each sentence and create 

a vocabulary of all the unique words in the sentence. 
 

2.3.2. Term frequency-inverse document frequency vectorizer 

The TFIDF method is a way of weighting the relationship of a word to each document [9], [28], [29]. 

TFIDF is a statistical method used to evaluate a word is in a document. In large documents, the most successful 

and widely used scheme for assigning term weights is the TFIDF term weighting scheme [21]. The thing to note 

in finding information from a heterogeneous collection of documents is the weighting of terms.  

The term can be in the form of words, phrases or other. TFIDF vectorizer has units of indexing 

results in a document that can be used to determine the context of the document, then for each word given an 

indicator, namely the term weight. Basically, this TFIDF works to find the relative frequency of a word so 

that it can be compared with the proportion of said word in the entire document file.  
 

2.3.3. Hashing vectorizer 

This text vectorizer implementation uses hashing tricks to find the string token. The hash function used 

is a signed 32-bit version of Murmurhash3. One method of matching words using the hashing method is the 

Rabin-Karp algorithm. Word matching methods are still quite often used today by using word weights based on 

hash values, one of which is the Rabin-Karp method [30]. The hashing vectorizer method is still used today in 

experiments on the application of document classification, sentiment analysis and other text data processing. 
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Like the two methods previously mentioned, the count vectorizer and the TFIDF vectorizer, 

the hashing vectorizer is still a method capable of providing high relevance to data class labels with good 

accuracy. However, semantically speaking, TFIDF as a word that occurs in many documents is not a good 

differentiator, and should be given less weight than it appears in many documents. The hashing vectorizer 

works by applying a hash function to the features and then serving the hash value as an index directly, rather 

than looking up the index in an associative array. Hashing is the process of converting a certain key or 

character set into another value. This is usually represented by a shorter, fixed-length value or key that 

represents and makes it easier to find or use the original string. The most popular use of hashing is the 

implementation of hash tables. One of the main uses of hashing is to compare two files for similarities. 

Without opening two document files to compare them verbatim, the hash values calculated from these files 

will allow the owner to know immediately if they are different. 
 

2.4.  Experimental of vectorizer and classifier  

This section describes the experiments carried out in this study by testing several vectorizer and 

classifier methods. The types of methods we use as vectorizers are count vectorizer, TFIDF vectorizer and 

hashing vectorizer. Each type of vectorizer method is then tested on each of the following classifier methods, 

namely random forest, logistic regression, Bernoulli NB, and SVC. In general, the classifier method that we 

do is a supervised learning technique, divided into training and testing stages. The following image is an 

overview for the training section. 

Figure 2 illustrates the training flow of Twitter social media data used for the training process. The data 

obtained in the form of text data that has been structured into a dataset to be manually labeled analysis of 

sentiment analysis. The labels used in the classification in this study are positive, negative sentiment labels 

and neutral labels. The experimental process was carried out on data from social media relating to 

community sentiment towards the service and performance of the government of a city on the Indonesian 

island of Sumatra. Text data from Twitter tweets related to this is then carried out manual labeling to be 

chosen so that it becomes a training model used for the next process.  

This general training flow is carried out on all classifiers with each vectorizer that has been 

determined. The selection of random forest is because this algorithm carries out bagging of classes produced 

by leaves from a set of decision trees with the most optimal class results. In this research, the decision tree 

that we use is C4.5. Logistic regression selection for a method based predictive analysis. NB Bernoulli for 

comparison with probability-based methods and SVC, as a clustering-based SVM method where each vector is 

labeled randomly until it reaches convergence. Furthermore, the testing phase can be seen in the next section. 

In Figure 3 the flow of the data testing process from Twitter social media is illustrated using the 

model generated by the training process. The data obtained in the form of text data that has been structured to 

be used as test data does not yet have a sentiment class label. This testing process is carried out to determine 

the label of the data class-tested to find out whether the label has a positive, negative or neutral sentiment 

class on the services and performance of the tested city government. As with the testing process in general, 

the data tested will be adapted to each type of test for all classifier variants used. And of course, all the 

datasets tested have been changed in the form of each vectorizer that has been initialized. 
 
 

  
  

Figure 2. Flowchart for training sentiment analysis Figure 3. Flowchart for testing sentiment analysis 
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3. RESULTS AND DISCUSSION  

This section describes the results and discussion of the experiments carried out based on the flow of 

research patterns that have been designed in the previous section on testing social media text data using 

several classifier methods and vectorizer methods. The tests conducted in this study include testing classifiers 

with variations of vectorizers. Classifier which is a method of classifying sentiments classifies sentiments for 

the text data used in this study. Following are the types of classifier methods used, among others:  

− Random forest 

− Logistic regression 

− Bernoulli NB 

− Support vector clustering 

For the vectorizer method used, among others: 

− Count vectorizer 

− TFIDF vectorizer 

− Hashing vectorizer 

The following is a table of the results of the accuracy and confusion matrix produced on the random 

forest classifier algorithm for each variation of the vectorizer tested. Table 1 is the result of testing text data 

from Twitter related to sentiment analysis of Jambi city government with the random forest algorithm 

experiment. All types of process feature with 3 vectorizer variants were tested. Test results are stored in the 

confusion matrix with each evaluation result being true positive (TP), false positive (FP), true negative (TN) 

and false negative (FN). 

Table 1 shows the results of the sentiment process resulting from an analysis of the government 

which has not yielded a maximum value. The evaluation carried out in the confusion matrix contains a type 1 

or FN evaluation error which is still involved in calculating accuracy. Therefore, the results of sentiment 

analysis accuracy are still in the range of values that are not optimal. The Table 1 shows the experimental 

results of twitter data that have been scrapped for sentiment towards the Jambi city government as many as 

500 tweets using a classifier algorithm with three types of vectorizers. In the random forest classifier 

algorithm, the result of using the highest vectorizer is generated by TFIDF. The following is Table 2, this 

table contains the results of the accuracy and confusion matrix produced on the logistic regression algorithm 

for each variation of the vectorizer tested. 
 
 

Table 1. Random forest classifier accuracy in vectorizer variations 

No 
Random forest classifier 

Vectorizer Confusion matrix Accuracy 
1, A Count vectorizer [[2451  724] 0.783256291730868 

[ 120   599]] 

1, B TFIDF vectorizer [[2449  713] 0.785567539804828 

[ 122   610]] 
1, C Hashing vectorizer [[2492  809] 0.7719568567026194 

[  79    514]] 

 

 

The Table 2 the results of the twitter data experiment that has been scrapped for sentiment towards 

the Jambi city government as many as 500 tweets using a classifier algorithm with three types of vectorizers. 

In the logistic regression algorithm, the result of using the highest vectorizer is generated by TFIDF. The 

classifier and vectorizer test results have better results than the random forest vectorizer test. All vectorizer 

results produce accuracy values above 86% in all. Although there has not been an increase in the value of 

accuracy. Next, the results of testing text data for sentiment analysis of Jambi city government using the 

Bernoulli NB classifier are shown in Table 3. The Table 3 contains the results of the accuracy and confusion 

matrix produced on the Bernoulli NB classifier algorithm on each variation of the vectorizer tested. 
 
 

Table 2. Accuracy of logistic regression in vectorizer variations 

No 
Logistic regression 

Vectorizer Confusion matrix Accuracy 
2, A Count vectorizer [[2372  346] 0.8600410888546481 

[ 199   977]] 

2, B TFIDF vectorizer [[2418  325] 0.8772470467385721 

[ 153   998]] 
2, C Hashing vectorizer [[2412  321] 0.8767334360554699 

[ 159 1002]] 
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The Table 3 shows the experimental results of twitter data that have been scrapped for sentiment 

towards the Jambi city government as many as 500 tweets using a classifier algorithm with three types of 

vectorizers. In the Bernoulli NB algorithm, the highest vectorizer results are produced by TFIDF. The value 

of the evaluation results with the classifier and vectorizer has unstable results. Count and TFIDF vectorizers 

have values above 80%, while Hashing vectorizers reach 66%. The following is a table of the results of the 

accuracy and confusion matrix produced on the SVC algorithm for each variation of the vectorizer tested. 

The Table 4 the experimental results of twitter data that has been scrapped for sentiment towards the 

Jambi city government as many as 500 tweets using a classifier algorithm with three types of vectorizers. In the 

SVC algorithm, the result of using the highest vectorizer is generated by the count vectorizer. The evaluation 

results with the SVC classifier have unfavorable values, even though they use the same vectorizer as the other 

tests in Table 1 to Table 3. From all the classifier tests conducted, you can see the results of the comparison of 

the performance of each type of vector classifier used. The following Figure 4 and Figure 5 shows the results of 

the performance of the random forest classifier, logistic regression, Bernoulli NB and SVC on the vectorizer 

method used, namely the count vectorizer, TFIDF vectorizer, and hashing vectorizer. 

 

 

Table 3. Bernoulli NB accuracy in vectorizer variations 

No 
Bernoulli NB 

Vectorizer Confusion matrix Accuracy 
3, A Count vectorizer [[2323  491] 0.810220852593734 

[ 248   832]] 

3, B TFIDF vectorizer [[2323  491] 0.810220852593734 

[ 248   832]] 
3, C Hashing vectorizer [[2567 1311] 0.6623009758602979 

[   4       12]] 

 

 

Table 4. SVC accuracy in vector variation 

No 
SVC 

Vectorizer Confusion matrix Accuracy 
4, A Count vectorizer [[2548 1182] 0.6905495634309193 

[  23     141]] 
4, B TFIDF vectorizer [[2571 1323] 0.6602465331278891 

[   0          0]] 

4, C Hashing vectorizer [[2571 1323] 0.6602465331278891 
[   0          0]] 

 

 

  
  

(a) (b) 
  

Figure 4. Comparison graph of vectorizer on (a) random forest classifier and (b) logistic regression 

 

 

  
  

(a) (b) 
  

Figure 5. Vectorizer comparison chart on the (a) Bernoulli NB and (b) SVC 
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From Figure 4(a), Figure 4(b), Figure 5(a), and Figure 5(b) the highest accuracy result is obtained 

by a linear regression algorithm on the TFIDF vectorizer with a value of 87.70% (Figure 4(b)) and the lowest 

accuracy by SVC on hashing vectorizer type with a value of 66.20% (Figure 5(b)). The best classifier 

performance on the count type vectorizer is occupied by a linear regression classifier with a value of 86.00% 

(Figure 4(b)). For the best classifier performance on the TFIDF vectorizer type occupied by a linear 

regression classifier with a value of 87.70% (Figure 4(b)). In hashing type vectorizer, classifier performance 

is occupied by linear regression with a value of 87.60% (Figure 4(b)). It can be said that the best classifier is 

logistic regression with stable accuracy results in all types of vectorizers. All tests carried out still tolerate 

type 1 prediction errors (false positive) and type 2 prediction errors (false negative). Each classifier has also 

not done hyperparameter tuning. All algorithms used are still the original parameters. This could be a gap for 

further research such as reducing the prediction results of type 1 errors or suppressing FP values. Gaps for 

increasing accuracy can also be achieved by setting or tuning all hyperparameters. One thing that needs to be 

explored is why the SVC results have a very low value. Indeed, the SVC type classifier is an attempt to 

unsupervised a labeled text data that removes all of its classes. However, the sentiment analysis work on the 

Jambi city government that was tested was not suitable for use with SVC unsupervised learning.  

The comparative accuracy in the Figure 6, on average, the best vectorizer produced in the 

experiment is TFIDF, the second position is occupied by the count vectorizer and the last position is the 

hashing vectorizer. This, very in line with the way each method works, TFIDF can produce the best accuracy 

value because the basis for calculating TFIDF is to calculate every word frequency in each document, and 

this is certainly mathematically more relevant in finding the connection between words in class labels. 

Compared to just counting the frequency of words as the count vectorizer does. For hashing vectorizer, the 

calculation has a different way, namely by adding a hash value to each word feature. The result of the lowest 

hashing calculation in the experiment could be because of this, in addition to word processing, the use of 

hashing vectorizer is very rarely applied as a vectorizer. 
 
 

 
 

Figure 6. Comparative accuracy of classifier results against vectorizer 
 
 

4. CONCLUSION  

Based on testing that has been done on the variation of classifiers and vectorizers variation, it is obtained 

that the best classifier is a linear regression algorithm based on predictive adaptive compared to random forest 

method based on the decision tree, probability-based Bernoulli NB, and SVC that works by doing clustering. 

Whereas from the test results on the vectorizer count, TFIDF, and hashing, the best accuracy is achieved on the 

TFIDF vectorizer. In this case, it means that the TFIDF vectorizer has a better value in presenting the word feature 

dimensions. The determination of the training data can affect the test results, because the pattern of the training 

data is used as a rule to determine the class in the testing data. So that the percentage of precision, recall, and 

accuracy is also influenced by the determination of the training data. Suggestions for future research can be done to 

reduce the prediction results of type 1 errors or suppress FP values. It can also be traced to a gap in which 

improvement in accuracy can also be achieved by setting or tuning all of the classifier hyperparameters. 
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