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Abstract: There are currently huge reviews that have increased every day of customer actions in online media, such as Twitter
about the restaurant industry, which needs more focus for customers by constantly enhancing customer service. Satisfaction
of the customer is a gateway to customer service. Sentiment analysis is a way of defining negative or positive opinions when
classifying documents. It was almost impossible to evaluate the data of reviews in social media manually. There are various
data mining algorithms used for evaluating and analysis. This paper analyzes the sentiment of users' tweets on the subjects of
restaurants by using the sentiment classification algorithms of Naïve Bayes (NB). The system suggested is capable of
performing sentiments analysis of tweets. For this reason, a sample of real data was collected from Twitter for customer
reviews. A python programming language has been used for implementing the proposed system. The results are similar to the
fact that customers are highly positive about restaurants and people, primarily people who are positive about restaurants. The
results are measured using common measures for performance assessment, including precision, recall, accuracy and error rate.
They were obtained as 68%, 80.07%, 73% and 27% respectively.
Keywords: Customer satisfaction; Naïve Bayes; Sentiment analysis.
1. INTRODUCTION
The satisfaction of customers is an opinion or feeling between consumer preferences and reality [1]. Today many consumers
write thoughts on online media, such as Twitter, in the form of reviews. Online reviews of the customer on the social network
became relevant because they might increase the visibility of the product or service offered by the seller. Social network
research typically consists of three principal types: web-based content mining, structure mining, and usage mining. Web
content mining is connected to the content analysis that social web users produce.
The critical difference between traditional webs (also called World Wide Web or Web 1.0) and social webs (also known
as Web 2.0) is that on Web 1.0, the web owners are content generators whereas the general user is the content producer,
whereas the standard user is the client. Facebook, Twitter, Linked In, Flicker, YouTube, etc., are extensive social media
networks. Web-based structure mining in these areas where related web pages are analyzed [2]. The social system also deals
with how social web users are interconnected. The overwhelming importance of the social network inspired researchers to
focus on the social network, and a range of new research areas emerged.
One of these fields' essential areas of study is sentiment analysis, [3] also called opinion mining. Opinion mining can also
be divided into sub-domains of subjectivity analysis [4], sentiment polarity and sentiment valence analysis [5] and mixed
opinion classification [6] [7]. The sentiment analysis also is commonly used in similar social web research areas, such as
recognizing bloggers [8]. Identification of influential users and bloggers has grown into an active area of social web research
[9] because of the value of finding top people who can help others make better choices in their lives in various fields. The
importance of opinion mining in data mining is caused even more critical by these issues and applications. Moreover, data
processing for sentiment analysis and other complex natural language processing tasks becomes very important as the data
across the internet overgrows [10]. These tasks include complex linguistic processing tasks, including extracting and
processing information using various techniques [11]. Data processing tasks are typically performed by machine learning and
statistical approaches [12].
One of the trending themes for researchers is the study of peoples' views on various subjects. Discussions between multiple
social media channels are used for analysis because social media platforms help analyze the general public's opinions on
different subjects [13]. Twitter is a crucial forum for users in various life fields to address several subjects, making it one of
the best ways of analyzing sentiments [14].
This article is distributed under a Creative Commons Attribution 4.0 License that permits any use, reproduction
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This paper presents a framework of prediction model containing four layers for evaluating customer’s opinions on the
service of restaurants, consisting of sentiment analysis and NB. The proposed concept has experimented on the real dataset
from Twitter. First, the raw data from the CSV file is transformed and preprocessed using trim lowercase, stop word removal,
and remove punctuation on each review. The system has been built using Python to help customers find restaurants that have
a high positive rate. Each review goes through a preprocessing stage in which all of the ambiguous data is removed.
2. LITERATURE REVIEW
The researchers have been using Twitter for various purposes to locate prominent users [15]. Sentiment analysis is used to
learn about the customers' opinions about restaurant's services through their Twitter discussions. Naïve Bayes (NB)
classification model is used for sentiment analysis to classify tweets into positive and negative. Even if NB is a simple,
probability-based classification model, many researchers have used sentiment classification [16, 17]. In marketing and
analysis, customer loyalty is a fundamental issue in terms of consumer success. As with hotel customer habits, they will pass
on the mouth to mouth to other people when they are given excellent service [18]. Text extraction or data retrieval is often
done using analytical methods or manuals from the document collection store [19].
The research method will generate knowledge that can boost revenues and services from various text mining perspectives.
Analyzes of sentiments are used to find views of a given object from the author [20]. An opinion study on a commodity [21]
is a sentiment evaluation analysis. Sentiment analysis is based on the Natural Language Processing (NLP), the analysis of text
and certain measured sections to delete or exclude unnecessary parts to interpret the pattern of the term negatively / positive
[17]. For sentiment analysis, the use of data mining algorithms has been extensive in the past. Now let's look at how powerful
NB is and how widely it was employed as an essential classification data mining algorithm. NB classification is used for
seismic and nuclear explosion detection [22].
Researchers with artificial immune systems [23] have also suggested self-adapting attribute weighting for the NB
classification. In addition, NB grading techniques are often utilized when weighing features. These weights rarely deteriorate
the output in experiments compared to a simple algorithm for classification by NB [24]. Classification strategies of NB also
use the frequency approach [25] to detect DDOS connections.
The classification NB is also used with T1 weighted MRI scans for the ischemic stroke classification [26]. The passive
indoor position classification is also achieved with NB classification, while the final results show that the algorithm is as
accurate as 86 percent [27]. Negative class information is also performed in the text classification with the naive classification
of Bayes and was executed very well in the results [28]. Displacement-then-confront attack and estimation of the offline server
process of the total measurement overhead are used to maintain the privacy of NB classification techniques [29].
This literature review has been elaborated many facts about using the NB. The NB can be used in different applications,
the class of the test data set is easy and quick to predict. It is also good in multi-class forecasting and NB classification is better
compared with other models when it comes to independence. In comparison to numerical input variables, it performs well with
categorical input variables.
3. RESEARCH METHOD
The methodology of this paper contains many steps. These steps created a framework that is offered in Figure 1. The suggested
framework includes four layers: preparation of dataset, filtering of the dataset, Sentiment Classification using NB, and
evaluation for the performance. The dataset is gathered in the first layer and cleaned to process and analyze the dataset in the
second layer. In the third layer, sentiment classification using NB is utilized in the dataset for classifying the tweets on the
fundamentals of the probability model. Finally, in the fourth layer, performance is evaluated for each output result in common
factors for measuring the performance, such as precision, recall, and accuracy.

Figure 1. The framework of proposed research methodology
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Table 1. Attributes of tweets dataset
Attribute
Details
Index
Unique ID of the tweet
Liked
Sentiment score for tweet
Review
Text of tweet

Figure 2. Data preprocessing and analysis process
3.1 Data Collection Layer
The work of this paper used a data set that has been loaded from Kaggle. The dataset consists of tweets representing real-world
datasets consisting of discussions related to customers' opinions about restaurants. The dataset consists of 1000 tweets of the
users from various restaurants. The dataset consists of the user participating in tweet building, text, and sentiment score of the
tweet. The data are cleaned by performing data selection and stop-word removal through the process of preparing the dataset.
Dataset of the tweet consists of a massive number of stop-words and punctuations. Thus, this process assists in better evaluation
for the data of tweets. The dataset selection for this work depends on the prime dataset consisting of all the information and
no missing values. The detailed attributes of the dataset for the tweet are shown in Table 1.
3.2 Data Preprocessing and Analysis Layer
Figure 2 shows the steps of the work on data preprocessing and analysis. There are many steps that procedure should be
followed. The lower-case Trim process switches all letters in small and not mixed bricks to make the uniforms like "NoiSy"
turns to "noisy". Deleting stopwords is a mechanism for deleting words, often appearing in languages, but with no purpose,
such as "the", "in", "an", "a". The removal of punctuation is the method that sometimes occurs and does not generally have
any meaning, like "-, /,:,? ". The next step is classifying the sentiments by the NB method after the preprocessing text is done.
3.3 Naïve Bayes Layer
In the third layer, the NB Sentiment Classification model is used to classify the tweets into negative and positive. The features
of unigram for analyzing the text are applied in sentiment classification for simplicity. The term matrix of the document is
created on the fundamental of tokens offered in each tweet. The frequency of the term is computed for each of the matrices.
On the fundamental of the frequency, NB's classification model predicts the sentiment in the training phase for the testing
dataset. In the example, 70% data set is used for training, while 30% data set is applied to the test. The NB classification model
works on the possibilities and probabilities that a particular condition will appear, or a specific item belongs to a class. The
NB model is created to classify the sentiments into negative and positive by implementing the algorithm shown in Figure 3.
3.4 Evaluating Layer
There are different assessment measures used to gauge a classification algorithm's performance. Confusion Matrix is also
known as a contingency table that is widely used to evaluate classification performance. It is a simple, straightforward way to
display the classification results based on classification correctness. It is estimated by calculating the number of known class
examples (true positive) correctly, the correct number of available examples not belonging to the class (true negatives), and
examples that were not known as class examples (false negatives) or that were either incorrectly assigned to the class (false
positives). These four counts constitute a confusion matrix [27].
Suppose TP refers to the sentiments that are classified correctly by the system as positive. In that case, TN refers to the
sentiments that are classified correctly by the system as negative, FP refers to the sentiment that is identified by the system as
positive but is negative, FN denotes the sentiments that are identified by the system as negative but are truly positive. The
Accuracy (ACC), Error Rate (ERR), precision and recall can be obtained as
ACC =

∑ TP + ∑ TN
∑ Total Population

(1)
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Figure 4. Confusion matrix

Figure 3. NB For classifying the sentiments into negative and positive
ERR = 1 − ACC

Precision =

4. RESULTS AND ANALYSIS

Recall =

TP
TP + FP

TP
TP + FN

(2)
(3)
(4)

Twitter result discussion is a largely used online platform for posting comments on different topics in short messages status.
In this paper, tweets have been gathered and converted into training using a python script. The tweets are gathered from Coma
Separate File (CSV), which are meant to judge customers' dissatisfaction and satisfaction level concerning the provider of the
server. After the training set has been prepared, data is analysed by uploading it into the NB classifier. The System
Requirements: Microsoft Windows 10 Ultimate, Processor: Intel(R) Core (TM) i5-460 M CPU @ 2.53 GHz, Memory: 6.00
GB, System type: 64-bit Operating System, Python Anaconda 3.7 programming languages for software requirement.
The data was collected and then loaded to python libraries as a data frame of 1000 comments. The likes or not were shown,
which mean there are two labels or targets, the positive class mean one and negative class mean 0, as shown in Figure 5. The
constraints of the data frame were extracts and the positive comments which represented as one offer are shown in Figures 6
and 7 respectively.
The next step is preparing analysis data for training and test data, trim lower case, or standard the letters to small letters.
The next pre-process explains how punctuations and terms are deleted, which sometimes occur but do not have any significance
in the document. Figure 8 shows an example of the effects of punctuation elimination and stop words removal. A confusion
matrix is essential in web mining. After building and implementing the classification model for analysing the comments as
positive or negative, the confusion matrix was built as shown in Figure 9. The TP and TN are 55 and 91, respectively. A False
positive is an outcome where the model incorrectly predicts the positive comments. A false-negative is an outcome where the
model incorrectly predicts the negative comments as shown in Figure 10. The FP and FN are 42 and 12, respectively. All
these parameters are a combination of a confusion matrix.
From the confusion matrix, the NB classifier's accuracy can be calculated using Equation (1) and the error rate by using
Equation (2). The ACC is 73%, and the error rate is 27% as shown in Figure 11. Using Equation (3), the fraction of relevant
instances among the retrieved instances (Precision) is 68%. In comparison, using Equation (4), the fraction of the total amount
of relevant instances retrieved (Recall) is obtained as 80.07%. Therefore, precision and recall are based on an understanding
and measure of relevance shown in Figure 12.
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Figure 5. Data frame from CSV file

Figure 6. Constraints of data frame

Table 2. Results if trim lower case
Before Trim
After Trim Lowercase
Lowercase
About the place, felt
About the place, felt
comfortable
comfortable
Great service &
great service &
affordable price for
affordable price for
steak
steak
best luck
best luck
So many promotion
so many promotion
from any credit card
from any credit card
The price is standard
the price is standard
Figure 7. Positive comments
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Figure 8. The process of stop words removal

Figure 10. Parameters of confusion matrix

Figure 9. Confusion matrix of naïve bayes
algorithm

Figure11. Accuracy and error rate of Naïve Bayes algorithm

Figure 12. Precision and recall of Naïve Bayes algorithm
5. CONCLUSION
This paper demonstrates that the NB classification method could be used based on the customer satisfaction analysis on
restaurant customers' feedback, as customer satisfaction is essential for the restaurant business. The results show that the NB
approach is rated at 73% accuracy, 27% error rate, 68% precision, 80.07% recall. Further investigation may be achieved by
increasing assessment data's number, variety, and accuracy or using other methods. The limitation in this paper that predictor
features are independent is the major constraint of NB. The NB model implicitly implies that all attributes are independent of
one another. Most predictors are not independent of one another, which is highly impossible in real life. Deep learning and
neural networks will be used to improve performance in the future.
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