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Abstract: Many studies show that unsafe behavior is the main cause of construction 

accidents. Safety education and training are effective means to minimise people’s 

unsafe behaviors. Apart from traditional face-to-face construction knowledge sharing, 

social media is a good tool because it is convenient, efficient, and widely used. We 

applied both social network analysis and sentiment analysis to investigate knowledge 

sharing on Twitter. From this perspective, our study is a novel attempt to understand 

social structure of “construction safety”- related twitter networks and the opinion 

leaders. We selected and analyzed 6561 tweets of three users’ networks on Twitter – 

“construction safety”, “construction health” and “construction accident”. We found that 

three networks had low density and many isolated vertices, which showed that users 

did not actively interact with each other. The opinion leaders in this study were mostly 

organizations or government agencies. The top one is “cif_ireland”, the Irish 

construction industry’s representative body, the Construction Industry Federation. 

3,200 Tweets of the top opinion leader were collected and analyzed through graph 

metrics calculation, cluster analysis, sentiment analysis, and correlation analysis. The 

opinion leader used twitter as a medium to disseminate its news of recent participation 

in events or publish the latest safety news. The sentiment analysis demonstrated that 

sentiment valence exhibited a positive correlation between favorite count and retweet 

count. There is an opportunity for opinion leaders to use twitter to develop an interest 

in construction safety topics and stimulate users to exchange knowledge, opinions and 

ideas.  
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1. Introduction 

The construction industry contributes substantially to economic growth in many 

countries. However, high accident rates have become a major problem. In 2018, of the 

3332 fatal accidents that happened in the European Union, one fifth occurred in the 

construction industry (Eurostat, 2020). According to “Construction statistics in Great 

Britain”, there were 40 fatal injuries and 61000 non-fatal injuries to workers in the 

construction industry in 2020 (Health and Safety Executive, 2020).  

 

In order to ensure safe construction, safety knowledge is shared via social media, Web 

2.0 (such as multimedia sharing websites, podcasting, blogs and social networks), and 

the internet of things on top of traditional face-to-face meetings and lectures (Alcattan, 

2014). The ‘new’ technologies not only eliminate the limits of time and space, but also 

promote the dissemination and sharing of knowledge (Li & Poon, 2013; Li, 2015). 

Gambatese (2000) analyzed the reasons for the poor outcomes of safety education and 

training from various aspects including training methods, safety investment, and safety 

management, and tried to develop better training methods that are effective in reducing 

workers’ accidents. Li, Tang & Chau (2019) also studied the mechanism of workers’ 

safety behavior from the perspective of behavioral psychology. In order to increase 

construction safety, research indicates that construction companies need to strengthen 

safety education and training, as well as the safety awareness of construction workers, 

and improve workers’ self-protection capabilities (Tam & Fung, 2012). Rodríguez-

Garzón et al. (2015) used cluster analysis to compare the impact of safety training on 

the risk perception of construction workers. It was found that the length of safety 

training was positively correlated with the ability of construction risk perception. 

Choudhry, Fang and Mohamed (2007) studied the security training model in Hong 

Kong and found that the use of Internet platform training was beneficial for optimizing 

training models and integrating training resources. Bhandaria, Hallowell and Correll 

(2019) developed a multimedia simulation-based training program, which promoted 

learning by keeping workers interested and generated safety behavior patterns through 

manipulating their emotions.  

 

Although these studies showed that the rise of social media could enable people to share 

and disseminate user-generated content quickly (Teng et al., 2014) and improve 

construction safety, other studies pointed out that safety knowledge sharing among 

construction employees was insufficient (Li, Chau, Ho, Lu, Lam, & Leung, 2018; Li, 

Tang, & Chau, 2019). Investigating the use of social media in this area should provide 

an alternative way to understand the communication path, effects and opinion leaders 

of construction safety issues. Thus, we proposed three research questions in this paper: 
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1. What type of social structure and sub-clusters do “construction safety”- related 

twitter networks have? 

2. Who are the top opinion leaders in these networks and what are their characteristics? 

3. Which type of topics generates users’ interests? 

 

2. Literature Review 

2.1. Social Network Analysis and NodeXL 

Since 1970s, social network theory-related technology, methods and models have 

attracted the attention of scholars, who began to apply core concepts of social network 

theory in several fields, including network density, centrality, strength of ties and role. 

(Emirbayer & Goodwin, 1994). Currently, social network data is expanding, traditional 

charts and tables can no longer show the internal structure or hidden knowledge of a 

social network. Graph visualization technology can solve this problem (Correa & Ma, 

2011). This technique can visually express the logical structure of the graph two-

dimensionally. More importantly, by observing the visualization results of the graph, 

researchers can obtain meaningful conclusions to provide insights for further work and 

study (Abdelsadek et al., 2018). 

 

Popularity of the internet creates a large amount of data, much of which are from social 

media. By analyzing these data, we can obtain useful information regarding how people 

perceive issues and understand social phenomena. Therefore, the use of social media 

provides an opportunity to extract information that may be beneficial to the construction 

industry in a quick and inexpensive way (Tang et al., 2017). To examine the information 

transmission pattern and information exchanging behaviors regarding “construction 

safety”, “construction health” and “construction accident” on Twitter, this study applied 

social network analysis (SNA) methods, emphasizing the structural interpretation of 

interpersonal interaction (Wasserman & Faust, 1994). The basic unit of analysis is the 

relationship or ties between nodes in the network. By applying matrix algebra and graph 

theory, SNA enables researchers to discover the interaction between individuals or the 

flow of knowledge within a network, and visualize the invisible network (Mead, 2001; 

Saheb & Saheb, 2019). 

 

The advantages of SNA are twofold. First, it can process a large amount of relational 

data and describe the overall relational network structure. As far as construction safety 

is concerned, the more serious the accident, the more likely it can trigger a wide range 

of public discussions. SNA can show the huge network of all users participating in 

public discussion and its internal structure through big data mining. SNA emphasizes 

the relationships rather than isolated individuals or organizations, so this method allows 
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us to investigate the ‘two-way dialogue between the organization and the public’ 

(Himelboim, Golan, Moon & Suto, 2014). Second, SNA provides researchers with a 

flexible measurement system and parameter selection to confirm the influential nodes 

in the network, such as in-degree and out-degree centrality. SNA allows researchers to 

determine parameters based on the research context and choose which parameters to 

define the “center” according to the characteristics of the network (Borgatti, 2005). 

Through analyzing nodes, clusters and relations, the communication structure and 

position of individuals can be clearly described (Suratnoaji, Nurhadi & Arianto, 2020). 

 

In order to achieve these objectives, our study applied NodeXL to analyze these 3 

networks. NodeXL is a plug-in for Microsoft Excel, and provides an easy-to-use tool 

for non-programmers. NodeXL can import files generated by a variety of social 

network analysis tools, including Pajek, UCINET, GraphML, as well as import general 

data files, such as CVS. At the same time, NodeXL can directly import data from social 

media such as Twitter. NodeXL integrates Excel's internal analysis functions, 

commonly used network indicators and visualization functions, thus facilitating data 

processing. It supports different visual network layouts, powerful filtering, clustering, 

mapping of vertex and edge, and customizable visual attributes and tags (NodeXL, 

2021). It enables researchers to undertake social network analysis through content 

analysis and data visualization after calculating a network’s metrics such as centrality, 

degree, and clustering (Smith et al., 2010).  

 

2.2. Knowledge Sharing and Opinion Leader 

Alavi & Leidner (2001) stated that knowledge sharing is a key process of knowledge 

management including knowledge generation, knowledge acquisition, knowledge 

storage, and knowledge application. Hendriks (1999) showed that knowledge 

contribution is a process in which everyone communicates with each other. While 

knowledge is being transferred freely, the knowledge of the receivers will be 

reconstructed. In other words, knowledge sharing can be defined not only as a process 

of knowledge transfer, but also an interaction and reconstruction of knowledge system 

between the knowledge senders and the knowledge receivers. 

 

Lazarsfeld, Berelson & Gaudet (1948) studied the concept of an opinion leader and 

stated that opinion leaders play a key role in information flow, because we tend to seek 

advice from others in the social environment. The information from the mass media 

does not directly flow to the target audiences, but through a mediation process, in which 

some influential people digest the information and spread it to the public. Opinion 

leaders have certain characteristics that make them influential in the decision-making 

process and the behavior of the public. Through knowledge sharing, opinion leaders 



5 
 

may help others do jobs better, facilitate personal development and improve personal 

recognition (Cheng, 2002). Thus, to investigate the opinion leaders in the construction 

industry is helpful in understanding their functions, communication patterns, and 

influence on others, which may help those responsible for the construction industry to 

formulate safety regulations, and guide opinion leaders to better help the construction 

workers through social media. 

 

Some methods have been applied to identify opinion leaders, including observation, 

self-identification and social interpersonal relationship measurement (Roger, 2003). 

These methods are largely subjective, so a more objective method is needed to identify 

opinion leaders. SNA solves these problems, because it analyzes a large amount of data, 

and then determines a user’s importance and influence based on the location of the user 

on the network. Influential users are not necessarily the ones who produce high-quality 

content, but they are generally at the center of the social network (Riquelme & 

González-Cantergiani, 2016). 

 

3. Research Methods, Results and Discussion 

Twitter is one of the most representative social media in Web 2.0 era. Until the end of 

December 2020, Twitter reached 192 million monetizable daily active users (Twitter, 

2021). Many scholars have used Twitter as a corpus for sentiment analysis and opinion 

mining (Giachanou & Crestani, 2016; Alsaeedi & Khan, 2019). We retrieved Twitter in 

November 2020 by using the keywords “construction safety”, “construction health” and 

“construction accident”. The data was automatically saved in the “vertices” and “edges” 

worksheets. Vertices (also known as nodes or entities) refers to an individual, event, 

physical or virtual location, content or social structure, for example, organization, 

country, institution or teams (Hansen, Shneiderman & Smith, 2010). Edge means link 

or connection, which occurs when two vertices collaborating or exchanging 

information (NodeXL, 2021). The data was then processed to extract knowledge about 

the 3 networks, and the result is shown in Table 1.  

 

Network Measures Construction Safety Construction Health Construction Accident 

Vertices 2735 2364 445 

Unique Edges 3428 (71.63%) 2732 (84.35%) 401 (93.69%) 

Edges with Duplicates 1358 (28.37%) 507 (15.65%) 27 (6.31%) 

Total Edges 4786  3239 428 

Self-Loops 1173 (24.51%) 658 (20.31%) 138 (32.24%) 

Reciprocated Vertex Pair Ratio 0.040499494 0.038678835 0.006944444 

Reciprocated Edge Ratio 0.077846254 0.074476987 0.013793103 
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Table 1. Overall metrics of 3 networks “construction safety”, “construction health” and 

“construction accident” on Twitter. 

 

Unique edge refers to the number of connections where multiple links between two 

vertices appear only once (NodeXL, 2021). “Construction safety” had the lowest 

number of unique edges, which indicated that people in this network were willing to 

communicate with others. Under this circumstance, people tended to form a closer 

relationship compared with the networks which had more unique edges (Park, Park & 

Chong, 2020). “Construction health” and “construction accident” had the lowest edges 

with duplicates, meaning that most people in these networks only talked to each other 

once. Such networks are more like a temporary assembly around a certain topic. In 

these networks, people’s social behavior is often fast and short-lived. 

 

“Construction accident” had the most self-loops, indicating that the vertices in this 

network were linked to themselves, such as retweets or self-comments. Reciprocation, 

or mutual interaction, is usually a sign of social connection. “Reciprocated Vertex Pair 

Ratio” means the ratio of Twitter users who have a link reverted to them, while 

“Reciprocated Edge Ratio” refers to an edge that is matched by another edge in the 

contrary direction (Hansen, Shneiderman & Smith, 2010). For example, the 

Reciprocated Vertex Pair Ratio of “construction safety” was 0.040499494; this means 

4 out of 100 had a mutual discussion about the topic. The Reciprocated Edge Ratio was 

0.077846254, which means that approximately 7 out of 100 edges were reciprocal. Thus, 

we can conclude that users who are concerned about “construction safety” are not 

strongly related and that this network is built on weak ties.  

 

We then calculated the graph metrics to understand the size, connectivity and the 

attributes of the network, based on in-degree and out-degree centrality (Hansen, 

Shneiderman & Smith, 2010). In-degree centrality is used to measure the importance 

of individuals in the network graph and can be used to investigate the information trends 

of the entire social network graph and the possibility of individuals controlling 

resources (Huang & Chiu, 2020). Its purpose is to find important individuals in the 

network (Chong & Kim, 2020). When the vertex’s location is closer to the center of the 

network, its influence is higher. The value represents the degree to which vertices are 

concerned, which can usually be used to distinguish opinion leaders and show their 

popularity in social networks (Yang, Qiao, Liu, Ma & Li, 2018). If the minimum in-

degree is 0, it means that a vertex does not receive any replies or mentions. Out-degree 

centrality represents the number of relations vertices sending to other vertices (Huang 

& Chiu, 2020). When the minimum out-degree is 0, it means that a vertex does not send 

out any tweets or replies. Usually, researchers pay more attention to in-degree, because 
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in-links are determined by other vertices in the network, but out-links are decided by 

the vertex itself (Smith et al., 2014). Table 2 shows the in- and out-degrees of the 3 

networks.  

 

 Minimum 

in-degree 

Maximum 

in-degree 

Average 

in-degree 

Minimum 

out-degree 

Maximum 

out-degree 

Average 

out-degree 

Construction 

safety 

0 139 1.394 0 88 1.394 

Construction 

health 

0 91 1.235 0 63 1.235 

Construction 

accident 

0 25 0.926 0 12 0.926 

 

Table 2. The in- and out-degree of 3 networks “construction safety”, “construction 

health” and “construction accident” on Twitter. 

 

“Construction safety” had the highest maximum in- and out- degree, as well as the 

highest average in- and out- degree, indicating that “construction safety” was a more 

popular topic on Twitter. Table 3 shows the location and rank of the most influential 

opinion leaders according to their in-degree centrality.  

 

Network Vertex In-Degree Out-Degree Attribute 

Construction 

safety 

cif_ireland 139 88 Organization 

team_greenhalgh 70 0 Government official 

bostondynamics 63 1 Organization 

Jacquelyngill 51 1 Individual 

Mhclg 45 0 Government 

Construction 

health 

cif_ireland 91 63 Organization 

Canoecanoa 86 1 Individual 

pemakhandubjp 85 1 Government official 

h_s_e 39 1 Government 

Ifihadastick 37 1 Individual 

Construction 

accident 

Kaspbee 25 1 Individual 

Ohmygogi 14 1 Individual 

Hamzacapslav 10 1 Individual 

Torontomedics 9 0 Government 

Chelletrucking 9 1 Organization 
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Table 3. The top 5 vertices of each network  

 

In Table 3, the “Network” is the data retrieved from Twitter with the keywords 

“construction safety”, “construction health” and “construction accident”. The “Vertex” 

is the opinion leader’s Twitter ID. “In-Degree” and “Out-Degree” are the number of 

Tweets an opinion leader receives or sends out. “Attribute” is the brief introduction of 

each opinion leader. We found that the vertex “cif_ireland”, with the highest in- and 

out- degree, ranks top in both “construction safety” and “construction health” networks. 

We can therefore deduce that this vertex is the opinion leader. The table also shows that 

the most influential vertices are organizations or are government-related. 

 

3.1. Comparing the structures of the three networks 

We then analyzed characteristics of the networks by clustering the vertices using the 

Clauset-Newman-Moore (CNM) algorithm (Clauset, Newman & Moore, 2004), widely 

used in large networks analysis and community classification (Vieira et al., 2014; 

Ahmed et al., 2020).  

 

𝑄 =
1

2𝑚
∑ [𝐴𝑣𝑤 −

𝑘𝑣𝑘𝑤

2𝑚
] ∑  𝛿(𝑐𝑣, 𝑖)𝛿(𝑐𝑤, 𝑖)

𝑖

 

𝑣𝑤

 

 

Algorithm 1. Clauset-Newman-Moore algorithm 

 

The CNM is a greedy heuristic method which is suitable to quickly identify 

communities for large scale networks (Clauset, Newman & Moore, 2004). The CNM 

first assumes all nodes as separate clusters, and then attempts to compare all the nodes 

pair by pair to see which two nodes can be merged as a cluster (Yum, 2020). After 

conducting data visualization, the graph was generated by the Harel-Koren Fast 

Multiscale layout algorithm. This method enables both multiscale graph representation 

and locally good layout. It is appropriate for visualizing mesh-graphs and is able to 

instantly demonstrate directed and large graph in multiple dimensions with excellent 

navigational ability (Harel & Koren, 2006; Jayaraman & Abirami, 2020).  

 

Layout (G (V, E)) 

Goal: Find L, a nice layout of G 

1. Compute the all-pairs shortest distance(𝑑𝑣 × 𝑣)  

2. Set up a random layout L 

3. 𝑘 ← 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

4. while 𝑘 ≤ |𝑣| do 

4.1 𝐶𝑒𝑛𝑡𝑒𝑟𝑠 ← 𝑲 − 𝑪𝒆𝒏𝒕𝒆𝒓𝒔(𝐺(𝑉, 𝐸), 𝑘) 
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4.2 𝑳𝒐𝒄𝒂𝒍𝑳𝒂𝒚𝒐𝒖𝒕(𝑑𝐶𝑒𝑛𝑡𝑒𝑟𝑠×𝐶𝑒𝑛𝑡𝑒𝑟𝑠, 𝐿(𝐶𝑒𝑛𝑡𝑒𝑟𝑠)) 

4.3 𝑓𝑜𝑟 𝑒𝑣𝑒𝑟𝑦 𝑣 ∈ 𝑉 𝑑𝑜 

4.3.1 𝐿(𝑣) ← 𝐿(𝑐𝑒𝑛𝑡𝑒𝑟(𝑣) + 𝜉) 

4.4 𝑘 ← 𝑘 ∙ 𝑅𝑎𝑡𝑖𝑜 

5. end 

 

Algorithm 2. Harel-Koren Fast Multiscale layout algorithm 

 

There are many vertices in each network, thus in order to make the graph more readable, 

each of the graph’s group was laid out in its own box, as shown in Figure 1.  

 

 

 

Fig. 1. Network clusters of construction safety (top left), construction health (top 

right) and construction accident (bottom) 

 

“Cluster” or “community” is a group of vertices in the network that are closely related 

to each other. The analysis shows that 935 clusters, 692 clusters and 102 clusters were 

found in “construction safety”, “construction health” and “construction accident” 

respectively. The communication patterns and the information exchanging behaviors 

are alike among all networks: the network structure has many disconnected groups with 
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many isolated vertices (Smith et al., 2014), demonstrating that construction safety, 

health and accident attracts many fragmented users. However, these networks have low 

density and a large number of isolated vertices. This shows that many Twitter users 

have heard about the topics even if they do not follow or reply to others who also 

mention the same topics. 

 

3.2. Opinion leader analysis 

As discussed above, based on in-degree centrality analysis, this study found 

“cif_ireland” as the opinion leader; the Construction Industry Federation is the Irish 

construction industry’s representative body. They state: ‘It supports Irish construction 

companies as they shape the world’. This account started in March 2011, and now has 

more than 11,000 tweets and 10,000 followers. We collected 3200 tweets, then word 

cloud and sentimental analysis were conducted to investigate its characteristics.  

 

The word cloud on the left in Fig. 2 presents the most frequently used words of 

cif_ireland. Construction, safety and health were outstanding, meaning that these words 

were constantly repeated and shared by cif_ireland. Comparing with the word cloud on 

the right, which shows the most frequently used words of all the 3 networks, we can 

conclude that this opinion leader and other actors disseminated similar contents on 

Twitter.  

 

 

 

Fig. 2. Most frequently used words of cif_ireland (Left) and the 3 networks 

“construction safety”, “construction health” and “construction accident” (Right). 

 

Sentiment analysis is a process of analyzing, processing, inducing and reasoning 

subjective texts. In this study, SentiStrength was applied to investigate the emotional 

contents with two questions. SentiStrength has a high classification accuracy for 
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informal short texts, especially suitable for social media contents (Thelwall, Buckley & 

Paltoglou, 2011; Thelwall & Buckley, 2013), and has built-in linguistic rules to label 

each text with both negative and positive valence. The algorithm of SentiStrength is 

based on a lexicon of sentiment words. When inputting a sentence, SentiStrength 

separates it into words, punctuation, and emoticons. Then each word will be examined 

through the lexicon identifying the sentiment terms. If the valence (the overall score for 

a sentence) is {+ 1, + 2, + 3, + 4}, the tweet is defined as positive emotion; if the valence 

is {- 1, - 2, - 3, - 4}, the tweet is defined as negative emotion; if the value is 0, the tweet 

is defined as neutral (Thelwall, Buckley, Paltoglou & Kappas, 2014). In this section, 

we posed two questions: 

1. What is the emotional composition of the tweets? 

2. Are different emotions more or less likely to be favored or retweeted? In other 

words, what is the correlation among sentiments (positive, negative or neutral), 

favorite numbers and retweet numbers? 

 

Among all the tweets of cif_ireland, 1026 were positive, 2003 were neutral and 171 

were negative, which were respectively 32.1%, 62.6% and 5.3% of the total. Many of 

them were to used broadcast cif_ireland’s recent participation in events, or publish its 

latest news, which also explained why most of the tweets were neutral. The detailed 

sentiment distribution and examples are shown in Figure 3 and Table 4.  

 

 

 

Fig. 3. Sentiment distribution of cif_ireland 

 

Valence Examples 

4 Agreement between speakers, attendees and @ddccarey as he speaks to the panel that it is 

hugely positive that the discussion of mental health is now prominent in construction 

health; safety conversations. #cifsafety https://t.co/vq0ncd3dD4 
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3 Very excited to be at the @CIF_Ireland Health; Safety conference in #crokepark, #Dublin 

today with @ems4safety. We will be running some demonstrations of our safety software, 

if you're attending come and say hi! #CIFSafety19 #healthandsafety #safety #software 

https://t.co/F5KYEZrry4 

2 We had a great first day of Construction Industry Federation's Safety Week. Here's some 

pictures from our sites, including a water rescue demonstration at Dublin Port Company. 

#CIFSafety18 https://t.co/JtH8x4TDe6 

1 Think safety! Just goes to show how important it is to always wear your safety gear. 

#SafetyFirst #ThinkSafety https://t.co/qCR71znimq 

0 Our 1 day course in Temporary Works General Awareness is designed to enhance site 

safety by equipping workers with the knowledge necessary to ensure safe operations on 

site at all times, resulting in fewer risks accidents in the workplace. 

https://t.co/1VMHXAVRyN https://t.co/tvFZX1dgb5 

-1 Construction sites can be very dangerous places, but the right safety equipment can do a 

lot to mitigate that risk. PPE is not the end there are quite a few equipment that are 

necessary to protect workers, key is your risk assessment process. 

https://t.co/CjvCNFu0bo https://t.co/1mAkNOZsmX 

-2 We feel it's our responsibility to raise awareness; encourage open; honest communication 

when it comes to suicide. Male construction workers are 6 times more likely to die from 

suicide than from falling from height. As a global community we must unite to help 

#SuicidePrevention https://t.co/frYm20QIaD 

-3 Frightening statistics... of the 352 suicides in Ireland in 2018.. 80% were male... mind your 

mental health #CIFSafety19 https://t.co/YHNjFwbNj2 

-4 Male site workers in construction are three times more likely to complete suicide than the 

average UK male. The easiest thing that we can all do is talk. #CIFSafety20 

https://t.co/Z5uQBPjS28 

 

Table 4. Examples of cif_ireland tweets 

 

If a tweet is liked by a user, he or she can forward it to his or her social network, i.e. 

retweet or save it for further reference. The more a tweet is retweeted, the more 

successful it is (Pfitzner, Garas & Schweitzer, 2012). The factors impacting retweet and 

favorite have been analyzed (Lee & Sundar, 2013; Molyneux, 2015). Probabilistic 

models of prediction have been proposed based on statistical analysis (Morales et al., 

2014). However, this study focuses on how different sentiments influence these 

activities. Based on Fig. 3 and 4 it is clear that not only did neutral sentiment account 

for the majority, but most of the retweets and favorites were also neutral.  

 

https://t.co/F5KYEZrry4
https://t.co/JtH8x4TDe6
https://t.co/frYm20QIaD
https://t.co/Z5uQBPjS28
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Fig. 4. Valence, favorite count & retweet count of cif_ireland 

 

In order to answer the second question, we used correlation analysis with SPSS 19 to 

get a deeper understanding of the role of sentiments in information dissemination. 

Pearson correlation indicated that sentiment valence had nothing to do with favorite 

count or retweet count, however there was a positive correlation between favorite count 

and retweet count, r = .211, p < .001, N = 3200.  

 

 Favorite Retweet Sentiment 

Favorite Pearson Correlation 1 .211
**
 -.001 

Sig. (2-tailed)  .000 .934 

N 3200 3200 3200 

Retweet Pearson Correlation .211
**
 1 -.003 

Sig. (2-tailed) .000  .872 

N 3200 3200 3200 

Sentiment Pearson Correlation -.001 -.003 1 

Sig. (2-tailed) .934 .872  

N 3200 3200 3200 

**. Correlation is significant at the 0.01 level (2-tailed). 

 

Table 5. Correlation analysis 

 

The lax attitude towards construction safety could be partly due to the absence of a 

trade union as opinion leader. Although cif_ireland claimed to “support Irish 
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construction companies as they shape the world”, it did not seem care about specific 

construction safety issues, but instead used Twitter as a traditional mass media to 

continuously and neutrally broadcast news. In the context of social media, personalized 

service or content are required (Tucker, 2014; Lai, Liu & Liu, 2015), the opinion leader 

should no longer be a “gatekeeper”, who selects what information should pass to public 

and what should not (Boberg, Schatto-Eckrodt, Frischlich & Quandt, 2018). In other 

words, the opinion leader should not convey the information that contains his or her 

own values and subjective attitudes to the audience. The sender and the receiver stand 

on an “equal” position. 

 

4. Conclusions 

This study investigated the Twitter network structure of “construction safety”, 

“construction health”, “construction accident”, and explored the opinion leader through 

sentiment analysis. Actors communicated directly with the opinion leader, but seldomly 

interacted with one another. There was almost no link among each cluster. The viscosity 

among users and clusters were insufficient. All reflected that the public using Twitter 

were not interested in the topics related to construction safety despite there is an 

increase in the number of Twitter users. 

 

Few previous studies have been done using communication research methods (social 

network analysis) and natural language processing (sentimental analysis) in 

construction safety research. Our study is a new theoretical contribution, and offers 

important alternative insights about knowledge sharing and correlation among 

sentiments and tweeting behaviors.  

 

As for practical implications, our study showed that knowledge sharing by the opinion 

leaders with Twitter has not yet reached its the full extent of possibilities for enhancing 

construction safety. The diverse functions of Twitter provide more possibilities for 

knowledge sharing. As an informal channel of knowledge dissemination, the processing 

and storage of massive amounts of knowledge puts high demands on opinion leaders. 

Organizations and governments tend to initiate and engage with their followers through 

social media. To have an active Twitter account, the first step is to establish its media 

presence, then attract its followers to retweet (Pfitzner, Garas & Schweitzer, 2012).  

 

The opinion leaders in this study were mostly organizations or government agencies. It 

is clear that the public still have a high recognition of the official or authoritative 

persons on the topic of construction safety. However, in this study, positive or negative 

sentiments did not significantly affect users’ retweeting activity. Partially the reason 

was that cif_ireland considered Twitter as a traditional one-to-many broadcasting media, 

and failed to interact with users as well as to encourage retweeting. The information 
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flow in the clusters relied almost entirely on the opinion leader itself. Twitter users often 

come from different fields, with different academic backgrounds, and have different 

ideas and opinions. Therefore, individual differences require opinion leaders to pay 

attention to the user’s willingness and ability to share knowledge. Thus, opinion leaders 

should inspire Twitter users with emotional support and encourage them to share 

construction safety knowledge. 

 

Moreover, in order to develop denser networks, opinion leaders should share an interest 

in a topic and stimulate users to exchange opinions and ideas. Opinion leaders should 

focus on sharing high-quality content involving knowledge, opinions and ideas on 

construction safety topics that users like, and create interest-oriented social 

relationships through interaction.  
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