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Abstract – With the swift advancement of the Internet and information 

technology, there has been a rapid growth of social media. A huge volume 

of social awareness data that signifies the public’s identification of and 

response to road safety is comprised in social media portals like Twitter. 

Evaluating and collecting data concerning social awareness to identify 

public cognizance concerning roads and safety initiatives is critical for the 

government. Strategic development, research, social funding, and 

enterprise functioning are some vital areas. Hence, this study proposes a 

technique to assess road safety awareness based on data mined from 

Twitter. This work indicates the aspects that reduce road safety cognizance 

and explores communication similarities and dissimilarities between the 

audiences regarding their communications on road safety. The outcomes 

indicate positive public results concerning road safety information 

disseminated by the community. Our assessment also indicates that the 

public interacts actively using social media, which could gradually improve 

road safety objectives at the community level. The study assesses the 

potential impact of such outcomes on community cognizance concerning 

road safety and provides recommendations concerning additional research 

agenda for the prevailing novel media scenario. 
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1.0 INTRODUCTION 
 

Social awareness is a sociological aspect that points to spatiotemporally affixed data offering 

a perspective concerning the sociability and practices followed by humans. Such practices 

include daily activity, social response, movement, and perception (Liu et al., 2015). Individual 

cognizance of social settings comprises two aspects: sensing the practical world, cognition, and 

response (Pentland, 2005). The proliferation of the Internet and developments in information 

technology have led to a social structure comprising an extensive pool of social awareness 

information, which is used through social media, cell phones, and network news information 

that express human behavior, group dynamics, and individual perception. Such social 
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awareness information offers unprecedented insight concerning advanced quantitative 

perspectives about human behavior and activity trends. Such data is helpful because it could 

offer intelligent assistance to augment human decisions and guide group conversations (Weng 

et al., 2018).  

 

Of late, road safety has been termed by the World Health Organization (WHO) as one 

of the fastest-growing risks to the lives of individuals worldwide. Social consciousness using 

disseminating info related to road safety is one of the key aspects of all road safety approaches. 

Road safety awareness initiatives must stay updated with the newest technologies and the latest 

communication tools are utilized to convey road safety messages in the best possible manner 

(Sujon & Dai, 2021; Ahmad et al., 2021). The media industry has witnessed an extensive 

transformation in recent times, and now individuals apart from professional journalists have a 

significant voice. The novel social media paradigm has ushered into a new communication 

domain where the world can create transformations in driver behaviors and make roads safer. 

A media initiative was devised to increase road safety awareness concerning critical safety 

communication in Malaysia (Ghani & Musa, 2011). Conventional media (newspapers, radio, 

television, magazines, and webpages) and social media (Facebook, WhatsApp, and short-

duration videos) were exchanged. Media consumption varies with demographics. Public 

attention is strengthened when a targeted message is reinforced using several media sources. 

Initially, awareness campaigns were deployed using public and private media because these 

are regarded as legitimate. Social media reaches the masses quickly and extensively and is also 

cost-effective. Hence, obtaining and evaluating road safety-related social awareness 

information present on social media is critical for comprehending public reaction concerning 

safety-related messages circulating on social media. Therefore, this research is set to identify 

social media usage concerning road safety cognizance.  

 

There is little information concerning the role of road safety data analysis on social 

media. Therefore, this study aims to find and describe messaging trends and public reaction to 

social-media-based road safety communication. This work builds value for the discourse by 

assessing if social media is a potent tool for creating and disseminating information to build 

public cognizance about road safety. In this endeavor, we used Twitter to gather information 

concerning the role of social media in creating community awareness about road safety. 

 

With the swift advancement of the Internet and cellular networks, social media has been 

expanding rapidly. A huge volume of social awareness info that signifies the public’s 

understanding and response to road safety is comprised in social media, like Twitter, Facebook, 

and blog posts. Because social media offers a tremendous volume of constant real real-time 

(Adedoyin-Olowe et al., 2014), businesses and research groups have devoted significant 

attention to it (Jani & Zakaria, 2021; Oyewobi et al., 2021; Maryani et al., 2020). Social media 

info can be utilized for stock price forecasts, avoidance of epidemics, preliminary event 

monitoring, election forecasts, humanitarian reliefs, crisis management, and brand 

management by organizations, and research groups (Wibowo et al., 2021; Aribowo et al., 2021; 

Mansoor & Ahmad, 2020; Saroj & Pal, 2020). Twitter is a typical example of the swift growth 

of social media which draws the focus of researchers (Chinnov et al., 2015). Twitter is an 

Internet-based social network that permits users to send and receive private updates from other 

contacts (texts of up to 140 characters, called “tweets”). Twitter is a social media platform that 

provides content distribution, mobility, ease of use, and real-time communication, allowing 

individuals to express themselves and present their perspectives using comments in real-time 

(Gu et al., 2016). Perspectives and comments are potential information sources that build public 
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cognizance; the government and other sectors can use these to comprehend public perception 

(Ahmad et al., 2019). Hence, tweets hold powerful potential as crucial tools to assess social 

awareness. Several scholars are now interested in Twitter-based research to extract academic 

and business value (Shaeeali et al., 2020).  

 

Text mining refers to gathering valuable data and processing text to get valuable 

information that provides potential data trends, internal associations, and correlations based on 

extensive unstructured and noise text sets (Kasmuri & Basiron, 2017). Keywords form the basic 

practical unit of the information contained in the text. Text mining has been conducted 

extensively using keyword occurrence patterns; co-occurrence is then studied to study new 

products demanded by customers (Xun & Guo, 2017), and to identify and predict promising 

technology for social advertisement and campaigns (Xiong et al., 2019; Hussain et al., 2021). 

Twitter is a platform where the media, enterprises, authorities, and others can express their 

view concerning a specific technology (Ding et al., 2021; Essien et al., 2021; Agarwal et al., 

2018). Tweets comprise technological inventions, academic findings, breakthrough 

developments, innovation by businesses, and public response. The domain and emotional 

trends contained in such data are critical for understanding public cognizance of road safety. 

Grammatical building blocks like adjectives, nouns, verbs, and adverbs contained in tweets 

highlight the essential content and emotional response (Naskar et al., 2020). Tweets typically 

present the subject using nouns, while adjectives primarily express emotions. Tweets spread 

rapidly and extensively because they are straightforward, fragmented, efficient, and real-time 

(Kraaijeveld & De Smedt, 2020). The specifics, comments, and perspectives concerning road 

safety information and awareness-building keywords strongly influence community behavior. 

Hence, this study correlates nouns and adjectives with awareness. Concurrently, the mining 

technique uses awareness keywords to be used together; keyword frequency is evaluated to 

assess social cognizance concerning road safety data gathered from Twitter.  

 

This research work indicates that the word cloud might be an effective “infographics”, 

which are “visual representations of information, data or knowledge that present complex 

information quickly and clearly” (Smiciklas, 2012). Also, “dashboards” are “a graphical user 

interface that organizes and presents information in an easy-to-read format”. This work 

provides baseline outcomes concerning social media evaluation using word cloud assessment. 

This study is based on real tweets to gather perspectives concerning (1) the nature of social 

response elicited by road safety plans; (2) using a word cloud to process the text posted by the 

public, and (3) understanding region-specific information and patterns emerging from 

individual discussions concerning road safety. This study offers a real-world perspective 

concerning social media use, vital for additional research to obtain an understanding of the 

potency of social media to augment road safety cognizant and drive impact on locals. The 

subsequent aim is to determine if social media is productive for building and disseminating a 

public plan. 

 

We start by offering an overview concerning the works on social media analytics. We 

then specify the word cloud assessment technique; lastly, we present the outcomes of the social 

media use trends determined using this work. We conclude with a discussion on study 

outcomes, drawbacks, and future directions. 
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2.0 METHODOLOGY  

To analyze the social awareness about road safety, this research paper puts forward a social 

awareness analysis method by considering Twitter data mining. The key idea here is that tweet 

data regarding road safety are regarded as a data resource, in which we can apply text mining 

and social network analysis for efficiently extracting and analyzing road safety awareness 

towards the public, with an aim to educate regarding ‘visualization’ and ‘knowledge discovery’ 

focusing on road safety and social awareness. Data collection is the first step in this study. With 

the help of Twitter API, retrieving road safety information using keywords can be done. 

 

There were three data preparation steps in this study: data collection, sampling, and raw 

data pre-processing. To initiate data processing, a series of functions were performed on the 

tweet texts for removing emojis, URLs, retweets, special characters, hyperlinks pointing to 

Websites, and hash symbols. This process helped to mention related diseases that could have 

contaminated the results. We also eliminated stop words in English (e.g., the, for, is) and words 

like ‘Google drive’ or ‘jalan cerita’ that could have referred to other topics. Also, we changed 

the tweet texts to lower case, so the AI algorithm classifies “Car” and “car” as the same thing. 

Then, the tweets were transformed into a corpus (text mining structure). A document-term 

matrix was created and performed calculation for the Term Frequency – Inverse Document 

Frequency (TF-IDF), which refers to numerical statistics employed in reflecting the 

significance of a word in a corpus. To get the scenario’s output, an analysis of the tweet data 

was carried out, while the Twitter API was employed for extracting the tweet data.  

 

Word clouds are helpful to carry out analysis of any kind of text data, such as short 

answers, essays, or written responses to a survey or opinion questions. In this section, various 

examples are provided for word clouds to understand the level of public awareness about road 

safety by evaluating the use of keywords with regards to road user short answer responses.  

 

Word cloud can be defined as a text mining technique for focusing on the most 

frequently employed word in any text of interest. Word cloud can be created based on various 

methods of text processing and can be performed as the followings: standardization, 

tokenization, cleansing, stemming, removing the common word, drawing word cloud, and 

indexing. 

 

Tokenization involves the splitting of each sentence from the entire text into several 

words. White-space can be employed as a word delimiter for performing this step. The 

following general structure can be found in the manuscript: 

 

1. Normally, the process of standardization involves changing the entire characters used 

in all the documents into lower case. 

2. Cleansing helps to eliminate certain special characters and symbols like a question 

mark, dollar signs, and punctuation. 

3. Indexing allows to create of a list of all unique words, which helps in counting the 

frequency of each word that appears in all texts. 

4. In the drawing process, Python Word Cloud is used to illustrate word clouds. The 

favorable words are presented randomly in a different position and distributed via 

representations as different shapes, such as rectangular, sphere, or ellipse, and are 

colored randomly.  
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5. The size of the font represents the frequency of occurrence of the word. The user can 

determine the font size for a word with a smaller frequency. For accustoming the font 

size to larger frequency, linear normalization is employed as follows. 

 

𝑆 = 𝑀𝑎𝑥 𝑆 ×
(𝐶 − 𝑀𝑎𝑥 𝐶)

(𝑀𝑎𝑥 𝐶 − 𝑀𝑖𝑛 𝐶)
 

(1) 

 

Where S is the size of the font, MaxS is the maximum size of the font, C is word count 

frequency, MaxC is maximum word count frequency and MinC is minimum word count 

frequency. 

 

In general, words that occur together in the same document must be clustered together 

as a single group to ease the process of understanding. To perform word clustering, we need to 

conduct the term-document matrix. As elements of data, this matrix would include word 

frequency. From all the documents, the list of unique words can be outlined as a row of the 

matrix, while the list of documents as a column. This process was found to be remarkably 

different from documents clustering which requires building the matrix in the opposite 

definition of column and row. The word clustering was done using K-Means clustering and an 

optimal number of word clusters for positive and negative text was decided using the elbow 

method. 

 

3.0 RESULTS AND DISCUSSION 

 

Post data gathering, text analysis was carried out to evaluate the most common phrases 

employed in data about awareness about road and traffic safety. From this collection of 

sentences, a list of texts was gathered. To minimize biases in the process, various words were 

excluded, including stop words, as the words are commonly used in a language.  

 

To segment the data into the respected cluster, it is required that the negative text data 

and positive text data pass through the K-Means clustering algorithm to get an optimal number 

of clusters by determining the sum of squared distance between those clusters. After the run is 

performed, the result is seen below where both negative and positive data include an optimal 

cluster number of 9. After identifying the best number of clusters, both negative and positive 

text data were run through K-Means clustering to get word clusters. In the next step, processing 

of the word clusters was done to build Word Cloud. 

 

Figure 1 displays a word cloud about all positive texts not displaying any obvious 

pattern. Post segmentation of the positive text data into 9 clusters, a certain obvious pattern 

could be observed. As seen in Figure 2, the first- and third-word clouds signify noise or 

mistakes arising from the AI. The first cluster refers to the accident that occurred while the 

third cluster points to mentions speeding or driving carelessly. 

 

Figure 3(a) displays the second cluster referring to traffic lights, while Figure 3(b) refers 

to the fourth cluster mentioning the talks regarding driving safely or wishing the driver for a 

safe drive. Meanwhile, in Figure 4, the fifth, seventh, and ninth clusters point out mentions 

about smooth and unblocked traffic. The sixth cluster demonstrates the word cloud referring to 

under control (lancar terkawal). The eighth cluster refers to the highway and does not include 

any other obvious details. 
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Figure 1: Word Cloud for all positive text 

 

 
 

(a) (b) 

 
Figure 2: Word Cloud for positive text (a) cluster 1 and (b) cluster 3 

 

 
 

(a) (b) 

 
Figure 3: Word Cloud for positive text (a) cluster 2 and (b) cluster 4 
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(a) (b) (c) 

 

Figure 4: Word Cloud for positive text (a) cluster 5 (b) cluster 7 and (c) cluster 9 

 
 

Figure 5: Word Cloud for all negative text 

 

   
(a) (b) (c) 

 

Figure 6: Word Cloud for negative text (a) cluster 1 (b) cluster 3 and (c) cluster 8 
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(a) (b) 

 

Figure 7: Word Cloud for negative text (a) cluster 2 and (b) cluster 4 

 

With regards to the negative text, Figure 5 shows a word cloud about all negative text 

that primarily refers to accidents and driving. As shown in Figure 6, the first, third and eighth 

negative text clusters refer to mentions regarding collisions and accidents. Figure 7(a) shows 

the second negative text cluster referring to the discussion on slowed traffic. Meanwhile, Figure 

7(b) shows the fourth cluster mentioning floods, buses, and difficulty in driving. 

 

Figure 8(a) shows the fifth negative text cluster that refers to the traffic light. Next, as 

seen in Figure 8(b), the sixth negative text cluster talks about speeding motorbikes. As 

displayed in Figure 9(a), the seventh negative text cluster refers to talking on driving through 

a jammed road. Finally, Figure 9(b) displays the ninth negative text cluster referring to traffic 

blocks.  

 

  

(a) (b) 

 

Figure 8: Word cloud for negative text (a) cluster 5 and (b) cluster 6 
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(a) (b) 

 

Figure 9: Word cloud for negative text (a) cluster 7 and (b) cluster 9 

 

 
 

Figure 10: Location that produces tweet 

 

 
 

Figure 11: Graph for sentiment vs. day 
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The tweets are also processed to get the location of the person that produces the tweet. 

This can be done by utilizing Twitter API. The tweets that are divided into positive and negative 

tweets provide a (+1) or (-1) score. Based on the score, the percentage was calculated to classify 

whether the tweets from State A have 100% negativity or 100% positivity. Based on Figure 10, 

most states have higher negative tweets than positive tweets with Negeri Sembilan as the state 

with the most negative tweets and Terengganu as the state with the most positive tweets. Figure 

11 shows the sentiment changes by the day. This information is good to understand the public 

awareness about road safety by day. Moreover, further investigation can be done to find the 

important parameter or event that has a significant influence on the positive or negative tweets 

from the public. 

 

4.0 CONCLUSION 

 

In the past decades, the evolution of public awareness has impacted the way of designing and 

implementing road and traffic safety initiatives. Few of the most significant elements of all 

road safety strategies include communication and education via the dissemination of road 

safety information. Thus, road safety communicators need to keep up with the latest 

technologies and employ the latest communication tools for effectively putting across road 

safety messages. In recent years, the media industry has transformed significantly and provided 

a voice to other persons and not just professional journalists. Platforms, like social media, have 

created an entirely new world of communication that would help in changing the behaviors of 

the driver and improving road safety. 

 

Tweets published on Twitter are mostly the author’s comments and opinions, and these 

tweet texts possess large quantities of the public's sensing and awareness data regarding road 

safety. These awareness data help to stimulate as well as drive the participation behavior of 

road users, which can impact or change the formation as well as awareness with regards to road 

safety. These social awareness data can be analyzed and mined to identify the trends in road 

safety awareness. Due to these reasons, this paper proposes a method for analyzing social 

awareness about road safety by considering Twitter data mining. First, we have employed the 

Natural Language Processing (NLP) module for extracting adjectives and nouns that could 

indicate social sensing as well as response towards road safety in the text of the tweet. Second, 

for analyzing and extracting information about social awareness, we have used text mining as 

well as word cloud analysis. Finally, as an empirical study, we applied the sentiment analysis 

for confirming the effectiveness and feasibility of the proposed method. 

 

Our successful employment of text analytics confirms its ability to efficiently produce 

and codify rich and quality knowledge that can be used by researchers to understand the impact 

of social media more effectively. However, this also has certain limitations and could be used 

as a key starting point to conduct future research. Thus, future studies can make use of text 

analytics by covering a longer period to assess trends as well as to include more resources for 

building robustness in their findings. For example, they can make use of various sources of 

unstructured data, like blogs and Facebook, which can also be employed to analyze social 

awareness. We can also integrate these data with Twitter data to get a better understanding of 

the social awareness about road safety. With regards to the methodology, a semantic theme 

model analysis, as well as emotional analysis, could be utilized for exploring the public’s 

attitudes, emotions, and responses towards emerging technologies, which can be found in such 

multi-source heterogeneous data. It is key to mining and analyzing social awareness regarding 

road safety for gaining a deeper understanding regarding road safety awareness through public 
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participation. Social media also offers a chance for the general public to get involved in 

discussions about road safety and allow them to share their suggestions and concerns, which 

could be vital for government R&D strategic planning, best practices, and social investment. 
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