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Abstract: - This paper proposed implementing a web application to visualize Malaysia’s best insurance companies to assist policyholders 

in understanding the public views of the policy offered by the top insurance companies in Malaysia, which are AIA, Prudential, and Great 

Eastern. The complexities of insurance purchasing issues include assessing financial needs and choosing an insurance policy from which 

the established companies became confusing and challenging for potential policyholders as they will be entering into a long-term 
investment. They need to allocate adequate time to review each insurance company’s offer to make a wise decision. Hence, this research 

aimed to design and develop a visualization application through Twitter sentiment analysis using the Support Vector Machine algorithm 

(SVM). The application acts as a medium to visualize tweets’ sentiment analysis results that mentioned these insurance companies. Twitter 
was used as a source of data in this study. The tweets extracted using dates and keywords were analyzed as it is one of the metrics that will 

advance insurance companies’ online presence. Testing phases have shown that the classifier successfully classified tweets’ sentiment with 

90% accuracy, with every feature in the application functions correctly and visualizing details of sentiment analysis.   

Keywords: Support Vector Machine algorithm, Twitter sentiment analysis, Web-based visualization 

 

1. INTRODUCTION  

Insurance, including Islamic insurance, is a financial institution that diversifies financial risks, risk management 

services, encourages economic activity, and induces liquidity. According to the Malaysia Financial Sector 

Assessment Program [1] report, Malaysia’s insurance sector accounted for about 6% of financial sector assets, 

generally divided into life insurance and general insurance. In general, insurance companies can be categorized 

as health and medical insurance, accidental insurance, life insurance, auto insurance, critical illness insurance,  

fire and home insurance, and other services. Many insurance companies are operating in Malaysia, offering a 

broad range of products and services tailored to Malaysians’ needs from all walks of life. A total of 44 companies 

have been listed as the Licensed Insurance Companies and Takaful Operators list [2]. Choosing which insurance 

company to invest in can be challenging as the client will be entering into a long-term investment. 

The survey conducted by YouGov in April 2019 finds that 45% of social media users in Malaysia use it as a 

platform to research services, review, or find new products to buy. Through online communities like the one that 

exists on Twitter, reviewers can directly impact customer decision-making. Therefore, insurance companies 

should value how social media can influence clients’ perceptions of their purchasing intention. Companies that 

adopt a strategic approach to social media use will benefit from those who do not use social media [3]. Thus, this 

study aims to adapt the Support Vector Machine (SVM) algorithm to visualize the performance of leading 

insurance companies in Malaysia through Twitter sentiment analysis. The visualized results could be used in 

maximizing customers’ satisfaction and ensuring retention. In this way, insurers will be able to proactively target 

new potential markets and resolve customer issues more effectively. 
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2. RELATED WORKS  

This section explores an overview of Malaysia’s insurance industry and the techniques used to classified Twitter 

data. 

2.1. Overview of the Insurance Industry in Malaysia 

The insurance companies in Malaysia are under the supervision of Bank Negara Malaysia (BNM). BNM points 

out that Malaysia’s insurance industry has undergone one of its most essential transformations since the Malaysian 

insurance regulatory system overhauled in the early 1990s [4]. The insurance industry was struggling with intense 

competition. Consequently, it has become vital for insurance companies, whether local or international, to be 

competitive and profitable in this field.  

Any risk that can be quantified can potentially be insured. An insurance policy will specify in detail which of the 

policy covers risks. The insurance companies offered few insurance types, and each plan has a different package 

or premium. Nevertheless, the plan chosen depends on the policyholders’ situation, age, lifestyle, and the type of 

insurance policy needed, such as retirement, health, or education purposes [5].  

Life insurance, general insurance, and medical insurance are common types of insurance businesses in Malaysia. 

Life insurance helps to cover risks such as early death, sickness, and permanent injury. It pays out the insured or 

beneficiary a certain amount of money as compensation if anything unfortunate happens to the insured. General 

insurance comprises householder insurance, motor insurance, and personal accident insurance [6]. In the context 

of householder insurance, the policyholders will receive money if a natural disaster, fire destroy their personal 

property or house, and other cases included in the insurance plan and the protection of policyholders against claims 

made by third parties in certain related events [7]. If the policyholders’ motor vehicle is involved in an incident, 

they may claim damage or loss through motor insurance. According to the insurance plan purchased, personal 

accident insurance claims were obtainable when the policyholder became disabled due to an accident or passed 

away. Having health insurance is necessary to receive timely medical care and improve health and lives [8]. 

Besides, if the policyholder is admitted to the hospital, the insurance company will pay medical expenses, 

including hospital fees, rooms, and facilities. 

According to the latest data released by YouGov BrandIndex [9] on their website, the leading insurance companies 

in Malaysia are Prudential, AIA, Great Eastern Life, Etiqa, and Allianz. All of the insurance companies in YouGov 

BrandIndex have been ranked based on the index score, which is the measurement of the overall company’s 

performance, including the average impression, customer satisfaction, service quality, recommendation, and 

reputation. The index rankings chart displayed the highest average index scores for 12 months from July 1st, 2018, 

to June 30th, 2019. All scores are based on a representative sample of the general population over 18 years old. 

Prudential, AIA, and Great Eastern Life were the top 3 companies that achieved the highest index score, so these 

companies are chosen as the main scope of this study.  

2.2. Sentiment Analysis 

Sentiment analysis (SA) is an area of study within natural language processing (NLP) that recognizes and captures 

opinions within the text. Apart from evaluating opinions, it also evaluates the users’ emotions, such as polarity, 

to identify if the opinion expressed is positive, negative, or neutral, and the holder of the opinion identifies as the 

person or group providing the opinions [10]. Public sentiment about a product, services, or other topics can be 

beneficial for different commercial applications. This unstructured information collected by SA will be converted 

automatically into structured data and divided into three major types, which are regular opinions, comparative 

opinions, and suggestive opinions that indicate a single entity or multiple entities. The regular opinions refer to a 

single entity and are used primarily to describe positive or negative perspectives for a particular text. Apart from 

that, comparative opinions compared or display a correlation between more than one entity and are primarily used 

for strategic intelligence because they help to elucidate the relationship between multiple entities [11]. 

2.2.1. Term Frequency Inverse Document Frequency  

As part of the feature extraction technique, we use TF-IDF or frequency-inverse document frequency and measure 

it before performing the result for the machine learning model. TF-IDF is a numerical statistic widely implemented 

in information retrieval and text mining and information to indicate the significance of the keywords to specific 
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documents or ranks the frequency of terms used to classify or categorize particular documents [12]. Term 

frequency is calculated by dividing the total number of words in a document by the number of times a word 

appears. Thus, TF provided a term’s frequency and is indicated by the following formula to calculate TF in Eq. 

(1).  

𝑇𝐹(𝑤) =  
(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑖𝑚𝑒𝑠 𝑡𝑒𝑟𝑚 𝑎𝑝𝑝𝑒𝑎𝑟𝑠 𝑤 𝑎𝑝𝑝𝑒𝑎𝑟𝑠 𝑖𝑛 𝑎 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡)

(𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑒𝑟𝑚𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡)
 

(1) 

The second term used is inverse document frequency (IDF) that determines how much information the word 

contains, whether normal or uncommon in all documents, represented by the weight of how often a word is used. 

The weight is the inversion fraction of the documents containing the term and is logarithmically scaled [13]. It was 

computed as in Eq. (2),  

  𝐼𝐷𝐹(𝑤) = log 𝑒 
(𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠)

(𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠 𝑤𝑖𝑡ℎ 𝑡𝑒𝑟𝑚𝑠 𝑤 𝑖𝑛 𝑖𝑡)
 (2) 

2.2.2.  Support Vector Machine Algorithm 

The classification technique to classify text into classes used in Machine Learning is including unsupervised 

learning and supervised learning [14]. The machine learning algorithms applicable to SA are primarily part of the 

supervised classification [15]. In machine learning techniques, data sets needed include a training set and test set. 

Training datasets are used to train the classifier model. Once a supervised classification technique has been 

selected, features in sentiment classification inspected will indicate how the documents are represented.  

The SVM is a model for supervised machine learning that uses associated learning algorithms to analyze data for 

classification problems [16]. The algorithm produces the most efficient result in traditional text categorization by 

locating the best possible distinctions between positive and negative training samples [17]. SVM is chosen as the 

ML algorithm to build the model since it is the most effective algorithm that runs efficiently on large data sets and 

offers better results than other traditional classification algorithms [18]. Past research involving SA usage in social 

media data has shown that the SVM algorithm provides the most accurate text classification problems, achieved 

by constructing a hyperplane for the nearest trained examples with maximum Euclidean distance. Besides, the 

outstanding generalization capability of SVM, together with its optimal solution and discriminative power, makes 

it widely used in the area of text mining. The algorithm is also memory efficient due to its advantage of kernel 

mapping to high-dimensional feature spaces [19].  

2.3. Web-based Visualization Application 

A web application is a web-based program designed to operate on devices, including smartphones, tablets, and 

laptops, through a web browser [20]. Due to standardized technologies, mobile users can access the website on 

all devices in a similar manner by mobile browsers environment [21]. This approach relies on browser support for 

mobile platforms and the standardization of the web technology environment. Web technologies are considered 

most relevant to current trends in the software industry, whereby lifecycles are short, developments are rapid, and 

customer preferences are frequently evolving [22].  

The web application approach was chosen for this study after analyzing several criteria and considering all aspects 

of constraints such as time constraints and the study’s scope to be a fully functioning application. Many 

frameworks are available and easy to learn for web applications. Considering that websites are more practical for 

the target audience, rather than worry about the platform’s restrictions that constrain native applications such as 

cross-platform interfaces and capability across various devices, it is more manageable to deal with cross-browser 

compatibility. The web application only needs to be developed once with cross-browser support, and it is useable 

on every device. Hence, in comparison to a native application, a web-based application can outperform 

development time and complexity.  

3. RESEARCH METHOD 

The three subsections below describe the research method used to conduct this study; system design, back-end, 

and front-end development.   

3.1. System Design 
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The design of systems may be regarded as the application of systems principles to product development. As 

provided in the following subsections, the design process is aided by creating design diagrams, such as a use case 

diagram, flowchart, and user interface.  

3.2. Back End Development 

The development on the server-side is referred to as the back-end development. The code written in the back-end 

helps to transmit the underlying information to the front-end site. Python is the back-end programming language 

that is used for the data manipulation and development of this application. The back-end tasks that have been 

carried out include data preparation and the SVM algorithm to build the model and model deployment. Figure 1 

shows the phases involved in SAMIC development. 

Start

Data Preparation

Model Deployment

Predictive Model
TF-IDF 

Implementation

End

Wordcloud 

Visualization

Predicted Classified 

Sentiment 

Model Evaluation 

using SVM

Data Collection

Text Pre-Processing 

and Normalization

Prepare Text Data

Construct Document 

Vector

Vector Normalization

 

 

Figure 1. Back-end development phases for SAMIC 

 

3.2.1. Data Preparation 

Data preparation involves transforming raw data collected into a form that can be modeled using a machine 

learning algorithm. The raw data cannot fit into predictive modeling due to the algorithm’s imposing requirements 

on the data to be numeric. Besides, statistical noise and errors in the data must also be corrected. As such, prior to 

being used to satisfy the ML model’s requirements, the raw data must be prepared. Data preparation is a multi-

step process that involves data collection, cleaning and pre-processing, feature engineering, and labeling.  

A. Data Collection 

Two machine learning models have been built for classification purposes, namely the Malay and the English 

multi-class text classification model. The difference between these two models is the way the data is pre-

processed. The dataset from https://malaya.readthedocs.io/en/latest/Dataset.html has been collected from the 

Twitter-sentiment and polarity subfolder for training and testing the Malay model. This dataset is labeled to 

reflects its sentiment, whether it is positive or negative, using a semi-supervised model. All data collected in the 

text corpus is in the format of javascript object notation (JSON). The Malay model’s total data is balanced for the 

positive and negative labeled data in which both of these classes comprised 637,760 sentences each. 

On the other hand, 1,200000 positive and negative English sentences are collected from 

http://help.sentiment140.com/for-students to built a machine learning model based on English sentences. Both of 

these collected datasets are binary classification data, which only annotates negative and positive data. Therefore, 

to add neutral data to the training and testing dataset, the neutral data is gathered from 
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https://www.kaggle.com/crowdflower/twitter-airline-sentiment. Next, the neutral dataset has been translated into 

the Malay language according to how Malaya-dataset is prepared, and wherein we use Google translator to 

translate the validated English dataset to a Bahasa Melayu dataset. However, only 12,547 neutral sentences were 

discovered, a small amount compared to positive and negative annotated data because a publicly accessible neutral 

dataset is difficult to obtain. The training and testing data that have been supplemented with neutral data for the 

Malay model are 1,287,977 and 1,212,547 for the English model.  

Twitter has many Malaysian users, most of whom post and write their tweets to share their opinions using the 

Malay language. The data was scraped from Twitter to obtain real-world data. The historical data for these three 

insurance companies, AIA, Prudential, and Great Eastern, were collected, ranging from January 1st, 2017 until 

October 31st, 2020. The first approach was to retrieve tweets using general keywords that directly and indirectly, 

referring to these insurance companies, such as ‘AIA’, ‘Prudential’, and ‘Great Eastern’. However, most tweets 

extracted using the first approach were not helpful because they did not express any opinions required for a 

sentiment analysis application. Alternatively, it was more practical to use the keywords of the English term ‘AIA 

Insurance’ and Malay term ‘AIA insurans’ and analyze the hashtags these insurance companies mentioned. 

Trending hashtags of these insurance companies, including ‘#aia’, ‘#prudential’, and ‘#greateastern’, has also 

been scrapped. The total number of collected data is 49,523 for AIA, 17,516 for Prudential, and 38,857 for Great 

Eastern.  

B. Text Pre-Processing and Normalization 

Machine Learning requires text data in a numerical form. Encoding techniques such as BagOfWord, Bi-gram, n-

gram, TF-IDF, and Word2Vec have been used to encode the real-world data collected from Twitter into a numeric 

vector. However, before encoding text data, it needs to be cleaned first. This process of preparing text data is 

called text pre-processing, a method of cleaning and preparation process for text data for use in a particular 

context. ‘NLTK’ and ‘re’ are two of the Python libraries used in this study to perform text pre-processing tasks. 

The dataset has undergone text cleaning, which entails removing unwanted characters such as emojis and 

adequately formatting the text to remove any extra spaces. All characters were converted to a lowercase 

beforehand to avoid any case-sensitive operation. Terms such as mentions, hashtags, links, and usernames have 

been removed using patterns that can match the desired terms with a regular expression (Regex). Some tweets 

might also contain a Unicode character that cannot be read in an ASCII format. Mostly, these characters are used 

for emojis and non-ASCII characters. All of these characters have been removed as well. Duplicate tweets and 

null values have been dropped as they do not contribute useful information to the dataset and computationally 

inefficient. 

3.2.2. Predictive Modeling 

The model evaluation is conducted using the SVM classifier, in which the algorithm is used to perform the dataset 

classification. SVM is a learning machine for two-group classification problems developed natively for binary 

classification problems and cannot be used directly with multi-class classification problems. Hence, One-vs-Rest 

(OvR) is incorporated into the classifier. OvR is a multi-class classification method that uses multiple binary SVM 

classifiers to obtain a multi-class prediction. It entails partitioning the multi-class dataset into several binary 

classification problems. Following that, each binary classification will be used to train a binary classifier, requiring 

each model to predict the probability of class membership or a probability-like score. The class label is predicted 

using the Argmax of these ratings, the class index with the highest score, and predictions are made using the most 

confident model. 

The initial step in predictive modeling is to prepare text data to draw features for the machine learning (ML) 

algorithm to predict effectively. The concept of a bag-of-words is used as a weighting scheme to convert the entire 

corpus list of tokens into a matrix vector that the model can understand and learn. A vocabulary of known words 

and a measure of known terms to represent all the words in model vocabulary as a list of tokens are required. The 

SciKit Learn’s CountVectorizer function converted the collection of tweets to a token count matrix. As the corpus 

of text contains millions of tweets, there would be several zero counts for every word in the corpus. The last step 

is to construct document vectors to score the word frequency in each document word with TF-IDF. The algorithm 

for conducting the TF-IDF is illustrated in Algorithm 1. 
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The weight is the metric measured statistically in a text or a collection corpus to evaluate the significance of a 

word, which rises proportionately with the number of instances of a word in the text but is compensated by the 

word’s frequency corpus.  To reduce the frequency of terms while increasing the frequency of rare ones. The 

higher the score of TF-IDF, the lesser the term appears and vice-versa. 

The final step before training the model is vector normalization. Scikit-learn uses the ‘l2’ normalization technique 

for each document to normalize the unit-length vectors and abstract the original document’s length. In the Twitter 

corpus, each vector would have lots of dimensions as unique terms. The model is built using an SVM classifier 

by employing Scikit learn LinearSVC since the linear kernel can be scaled to many samples. Besides, a multi-

class model is implemented by using the ‘Sklearn.multi-class.OneVsRestClassifier’ wrapper. Scikit Learn 

provides a pipeline capability that facilitates the concept of a pipeline workflow, which takes all of the above text 

pre-processing steps and includes them in the classifier and grid search parameters. The pipeline was used to 

cross-validate the model workflow and, at the same time, choosing the best parameter configuration using 

GridSearchCV by iterating over ParameterGrid with hyperparameter configuration values. 

Besides, using the KFold technique, different hyperparameter configurations have been tested to split the model 

into random parts to find out whether it generalizes well. There are 16 tested parameter configurations and 10 

KFold validations of the model. Hence, the model was trained and tested on the validation set 160 times, meaning 

that a combination of 16 parameters are passed to the GridsearchCV object and ten folds for the cross-validation, 

indicating that for every parameter combination, the grid runs ten different iterations with a different test set every 

time. 

3.2.3. Model Deployment 

Model deployment is one of the final steps in the machine learning life cycle. Predictive analytics based on trained 

data is carried out by using the model that has been developed. At the model development stage, the model took 

the data frames of tweets and returned the predicted classified sentiment label as ‘positive’, ‘neutral’, and 

‘negative’ represented as ‘0’, ‘2’, and ‘4’, respectively. These data frames are sorted by date and afterward 

integrated into the production environment. In the implementation context, the model results are presented using 

the data visualization technique via a web service by displaying overall sentiment scores produced offline across 

the batch process. Prior to deployment, the model is tested to ensure that the validated outcomes are obtained 

where the research input is identified during the development by setting the production environment according to 

the development environment. It was done by defining the environment specifics such as specific language 

versions and library dependencies for the model in Python requirements.txt file. 

After sentiment, predictions are made using the model classifier on the data obtained, and its performance is 

evaluated. The data is visualized using Plotly, an open-source interactive graphics library for Python. The data is 

first imported into the Pandas data frames in Python. Interactive charts are then generated. Additional information 

on the results of the analysis will be displayed through hover events. As in Table 1, the analysis results are used 

to create an interactive visualization tool to present real-world data analysis outcomes.  

Algorithm 1: TF-IDF  

1:  //Input: Sentences free from stop words, and stemmed, lemmatized 

words.  

2:  //Output:  Aspects that retrieved using tf-idf.  

3:  start 

3:  //Method: Load the input data file. Calculating the frequency of word in 

the given input file (number of occurrences of i in j). 

4    TF(w) = Number of times term w appears in a document) / (Total number 

of terms in the document)  

5:               Number of documents containing i. 

6:    IDF(w) = log_e(Total number of documents / Number of documents 

with term w in it)     

7:    end  
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Table 1. The sentiment of mentions by months 

Month 
AIA Prudential Great Eastern 

Positive Negative Positive Negative Positive Negative 

Jan 2017 468 231 178 44 960 47 

Feb 2017 733 319 177 68 752 51 

Mar 2017 726 398 208 101 807 76 

Apr 2017 787 282 161 90 863 76 

May 2017 614 306 164 89 766 89 

Jun 2017 455 194 148 46 616 62 

Jul 2017 428 248 305 250 742 64 

Aug 2017 508 252 170 64 683 55 

Sep 2017 683 523 146 56 808 86 

Oct 2017 736 309 163 64 850 52 

Nov 2017 583 220 130 44 636 64 

Dec 2017 611 223 117 42 554 39 

Jan 2018 622 256 168 65 675 37 

Feb 2018 590 239 148 73 671 53 

Mar 2018 734 301 319 81 900 35 

Apr 2018 917 382 209 96 800 52 

May 2018 687 311 172 98 661 49 

Jun 2018 961 230 179 82 648 47 

Jul 2018 665 210 237 51 731 48 

Aug 2018 782 294 190 60 720 50 

Sep 2018 787 230 184 49 746 54 

Oct 2018 822 245 435 85 1031 72 

Nov 2018 787 239 224 47 777 93 

Dec 2018 717 350 107 55 649 42 

Jan 2019 741 283 160 64 899 107 

Feb 2019 796 274 136 38 707 62 

Mar 2019 788 269 183 51 768 72 

Apr 2019 984 366 267 90 693 66 

May 2019 947 359 486 52 729 75 

Jun 2019 848 179 1837 202 641 57 

Jul 2019 826 277 1770 180 734 75 

Aug 2019 699 236 423 83 712 113 
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Sep 2019 677 262 191 79 597 76 

Oct 2019 892 361 201 102 805 68 

Nov 2019 849 363 136 48 568 65 

Dec 2019 564 187 304 67 560 54 

Jan 2020 865 294 144 43 566 55 

Feb 2020 1220 514 113 46 509 65 

Mar 2020 682 236 322 52 552 65 

Apr 2020 669 223 235 71 530 66 

May 2020 678 254 210 54 594 76 

Jun 2020 720 301 166 64 663 69 

Jul 2020 891 371 182 65 756 75 

Aug 2020 795 269 233 119 775 95 

Sep 2020 741 261 128 44 812 144 

Oct 2020 919 353 170 80 794 111 

TOTAL 34194 13284 12636 3494 33010 3104 

 

3.4. Front End Development 

Front end development refers to developing the ‘client-side’, where the emphasis is on what users see in their 

browser or application visually. HTML, CSS, Javascript, and Jquery are the front-end languages used to integrate 

Flask’s back-end framework. In a Python web application environment, the Flask web framework and the data 

visualization tools in Python are used to construct custom plots and charts after the data manipulation phases to 

leverage both front-end and back-end development power. For each feature of the completed system’s interface 

design of SAMIC, six phases are involved, including overview page, data dashboard, Twitter updates, sentiment 

analyzer, competitive analysis, and insurance agents’ performance. 

4. RESULT AND ANALYSIS 

This section presents and discusses the analysis results performed on real-world data and the testing carried out 

on accuracy, functionality, and sentiment analysis trend comparison. 

4.1. Accuracy Testing 

The classification report in Figure 2 provides the main classification metrics on every class of the data. In 

comparison, the heatmap represents the proportion in each class of correctly classified examples. The raw numbers 

of testing data are also stated within each cell. A simple metric, including classifier error rate and accuracy, has 

been used to measure the model’s performance. In the confusion matrix, the ‘negative’ class is represented as 0, 

whereas the ‘positive’ class is denoted as 2, and 4 represented the ‘neutral’ class. The classifier has an accuracy 

of 90%. In simpler terms, out of 10 attempts, the model obtained approximately nine correct results based on the 

data provided from the testing data set, which were correctly classified as ‘positive’, ‘neutral’, and ‘negative’. 

The precision, indicating the percentage of a class predicted labels that rightfully belonged to that class is 92% 

for the ‘negative’ class, while the ‘positive’ class is 88% and 31% for the ‘neutral’ class.  
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Figure 2. Confusion matrix of malay model 

The third metric is recalled, showing the percentage of correctly classified labels from a class’s total. For both the 

‘negative’ and ‘positive’ class, the recall is 90%, while for the ‘neutral’ class, it is 19%. As compared to other 

classes, the ‘negative’ class is the most correctly classified, with only a few instances being misclassified. The 

outcomes of precision and recall values for each of the three classes confirm that the ‘neutral’ class suffers 

substantially more unsatisfactory results than other classes. Therefore, to evaluate the classifier approach, a 

baseline study has been specified and compared to compare the classifier performances.  

Based on the same study conducted by Bouazizi and Ohtsuki [23] for multi-class sentiment analysis on Twitter, 

neutral tweets were also the hardest to classify, with a true positive rate equal to 28.5%. The overall accuracy of 

the validation testing data is equal to 76.3%. Additionally, the sentiment analysis model for Twitter data in the 

Polish language revealed that multi-class classification is still significantly more difficult to be modeled and only 

achieves an accuracy of 18.1% when used to classify tweets into three classes of positive, neutral, and negative. 

However, it produced nearly 71% accuracy and high precision of 87.77% when trained with the binary class [24]. 

Most studies on sentiment analysis overlooked ‘neutral’ examples, but the classification is important to 

distinguish between positive and negative examples. The Malay model’s overall accuracy showed an excellent 
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classification with an accuracy score of 90% [25]. Thus, according to the overall accuracy, the model is acceptable 

to classify real-world data. 

Over and above that, the relevant findings that can be concluded are that the classification model’s performance 

is independent of the test set, and the quantification part can be carried out without overfitting issues for the 

classification of a real-world dataset. Since a balanced dataset for ‘neutral’ data is hard to collect a priori, it is 

believed that adding ‘neutral’ instances of training data, and more importantly, a balanced training dataset among 

all sentiment classes, could significantly improve the performance of the model.  

4.2. Functionality Testing 

Functionality testing is essential to ensure that all application features operate correctly and that any detected error 

is fixed. The purpose of performing functionality testing is to test each function of the visualization application to 

determine how closely the specifications are matched by providing appropriate input and checking the output 

against the functional requirements. The test is performed using test case scenarios developed from the system 

design requirements, with the list of functionalities in the use-case diagram was tested. Figure 3 represents the 

SAMIC overview page interface, which displays the summary analysis results, while Figure 4 shows the 

Prudential insurance company dashboard and the same layout interface for AIA and Great Eastern. Conversely, 

the user can also manually input their review in Malay as in Figure 5(a) or English in Figure 5(b) to see whether 

the sentence is positive, negative, or neutral using the machine learning model. 

 

Figure 3. SAMIC overview page 
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Figure 4. Prudential dashboard 

 

(a) 

 

(b) 

Figure 5. result of sentiment analysis performed on malay text (a), english text (b) 

4.3. Sentiment Analysis Trend Comparison 

With SAMIC, the user can display the competitive analysis page in which the user can compare performance 

between companies of their choice. Figure 6 shows the positive total mentioned according to the time-based 
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collected data, where AIA and Great Eastern have a similar trend and higher than Prudential. Prudential shows 

lower total positive mentions but a spark trend in June and July 2019. 

 

 

Figure 6. Monthly-based trend for positive mentions sentiment analysis 

 

Figure 7 shows the opposite trend for the negative total mentioned, where AIA and Great Eastern have a similar 

trend and received lower mentioned than Prudential.   

 

 

Figure 7. Monthly-based trend for negative mentions sentiment analysis 

 

Figure 8 shows the trends for the neutral total mentioned, where Prudential has an increasing trend started from 

November 2017 until June 2019, decrease trend in July 2019, and stagnant trend from August 2019 until October 

2020. AIA and Great Eastern have a similar trend and maintain within five total neutral mentioned. 

 

 

Figure 8. Monthly-based trend for neutral mentions sentiment analysis 
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5. CONCLUSION 

This study’s primary purpose was to develop an interactive visualization application that would make the analysis 

results readable and understandable for policyholders on the public sentiment of the policies provided by 

Malaysia’s top insurance companies. Consequently, policyholders could make subtle and informed decisions to 

better understand outside information from real-world data. The application’s testing phases show that the 

classifier successfully classified tweets’ sentiment with 90% accuracy. It is observed in the functionality testing 

that every feature in this application functions properly. The SVM used for the classification process has been 

incorporated into the application, allowing the user to use the model on any English and Malay textual data 

reviews.  Additionally, this application also includes real-time monitoring of tweets sentiment that uses the data 

processing infrastructure and sentiment analyzer to evaluate public sentiment changes in response to user search 

keywords. For future recommendation, it is suggested that the quantity of neutral dataset be increased in multi-

class classification, hoping that there will be a publicly available neutral dataset in Malay and English language 

so that more accurate results can be obtained to optimize the performance of the classifier. 
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