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An experimental study of intrusion behaviors on construction sites: The role of age and 

gender 

 

Abstract 

Intrusion, which is the unauthorized entry to hazardous areas on a construction site, is one of 

the most serious rule-breaking behaviors. It has received limited research attention since 

existing manual safety observations cannot effectively capture large and complex intrusion 

related information. This paper explores how age and gender impact on various forms of 

intrusion behaviors on construction site. Location tracking technology combined with BIM 

(Building Information Modeling) was applied to identify and record intrusion behaviors of 147 

construction workers over a 4 month period. The results, empirically tested by ANOVA, show 

that age and gender have significant interactive effects on both intrusion frequency and 

duration. The analysis further indicates that male site workers were more intrusive-prone than 

females. For both genders, middle-aged workers had significantly higher intrusion frequency 

than younger and older workers. Further, young workers had the lowest intrusion frequency 

and duration. Finally, the corresponding reasons for intrusions and the responsive management 

methods were sourced from interviews, including the influence of male hyper-masculine norms 

in construction and the implementation of targeted training for high risk individuals. The 

findings in this study also provide support and key insight into the use of location tracking 

technology for intrusion management and safety improvement in the construction industry. 

 

Keywords: Intrusion behavior, location tracking technology, age, gender, construction 

industry. 

 



  

 

 

1. Introduction 

Rule-breaking behaviors contribute to more than 80% of all workplace accidents (Choudhry et 

al., 2007). As one of the serious violation behaviors on construction site, intrusion, which is 

defined as the unauthorized entry to hazardous areas, may cause construction process 

disturbance (Winsemius, 1965). “Intrusion” in this study is limited to the situation when 

workers enter work areas other than their own, they often underestimate the dangers, which 

often results in injuries and accidents. In China, this violation behavior has become more 

common in recent years with an aging work population and increasing labor shortages 

(National Bureau of Statistics, 2007–2017), where construction companies are forced to 

employ older workers or workers with less relevant work experience. 

 

However, most safety management strategies overlook the intrusion problem. Current 

construction safety assessment and management primarily depend on post-factum outcomes, 

such as accidents, injuries, illnesses or diseases (Arezes and Miguel, 2003). According to the 

popular Heinrich's Law, post-factum outcomes do not represent the full scale of incidents, 

where 300 unsafe behaviors may lead to 29 minor injuries and only 1 major accident (Henrich 

et. al, 1950). Although this form of ex-post lagging measurement still exists, and remains 

popular because of the relative ease in collecting and analyzing this from of objective data 

(Lingard et al., 2011), it forgoes the opportunity for preventative action and correction before 

an accident occurs. Also, the group-level safety assessment calculated by the percentage of safe 

behaviors of all observed ones, conceals the need for personal safety (Choudhry, 2012). The 

observed behavior is judged by an “all or nothing” norm (Wiegand, 2007) and cannot reveal 

the detailed processes involved in the behavior. Thus, the lack of individual-level assessment 

can compromise the ability of safety management to improve individual safety behavior. 



  

 

Additionally, a key issue concerns the inefficiency of behavior inspection and management. 

With current practice, trained observers or safety supervisors are responsible for safety 

behavior inspection based on safety plans or operation regulations (Zhang and Fang, 2013). 

This time-consuming activity largely depends on the individual supervisors’ safety knowledge 

and experience, which can often result in inaccuracies, omissions and biases. 

 

Age and gender are two key factors that may influence rulebreaking behaviors. Both of these 

factors have been argued to impact on the occurrence of injuries and accidents in many 

industries including construction (Azadeh et al., 2015; Chi et al., 2014). Specifically, older male 

workers have been identified as a major risk group with consistently high fatality rates 

(Cebardor et al., 2014; Cheng et al., 2012a, 2012b). Interestingly, accidents or injuries in older 

workers do not necessarily equal increased levels of unsafe behavior, since workers in the two 

age groups may have different reaction abilities. For example, Lombardi et al. (2009) concluded 

younger workers were less likely to use protective equipment according to the rules than older 

workers. To date, little research has attempted to combine age and gender to explore their 

interactive effects on rule-breaking behavior in construction due to the limited behavior data 

available. 

 

Although personal intrusion has been a consideration in safety management for a long time, it 

still remains a significant problem in research and practice, particularly due to the difficulties 

in capturing and analyzing this kind of rule-breaking behavior on a large scale. This paper 

builds upon the early work of Li et al. (2015), in which a realtime location system for intrusion 

monitoring and warning is presented. Li et al. demonstrated the effectiveness of their tracking 

system in identifying intrusion behaviors on a construction site, but did not identify how 

workers may behave differently between age and gender groups and how to improve their 



  

 

behaviors. In this paper, intrusion frequency and duration are compared between different age 

and gender groups based on the collection of large-scale intrusion data by the location tracking 

system. Then, potential reasons for intrusion behavior and improvements to reduce this 

behavior are derived from qualitative face-to-face interviews with workers and safety 

managers. 

 

This study aims to contribute to the literature in three main ways. First, this study contributes 

to the rule-breaking management literature by proposing a new method to assess and manage 

intrusion behaviors. Rule-breaking management studies in the construction industry typically 

rely on limited observed unsafe behaviors. The study applied a location tracking technology 

and intrusion supervision to automatically collect a large sample of intrusion data through a 

four-month on-site experiment. Second, this study contributes to the literature on demographic 

influence by studying the interactive impact of age and gender on intrusion frequency and 

duration. Lastly, this research contributes to behavioral safety theory by focusing on proactive 

variables, rather than outcome-based variables, in order to reduce negative intrusion behavior. 

Previous behavioral safety research has commonly focused on the behavioral factors leading to 

major accidents or injuries. To protect construction workers, this study advocates the proactive 

consideration of unsafe behaviors in re-conceptualizing behavioral safety theory. 

 

This paper is organized as follows. Firstly, detailed background is provided, describing 

intrusion problems on construction sites, the existing methods for behavior improvement, 

difficulties in achieving widespread adoption and how age and gender may influence 

rulebreaking behaviors. Secondly, an experiment is designed and implemented, followed by 

details of the data analysis methods. The analysis results of the effects of age and gender on 

intrusion behaviors are presented, followed by proposed improvement methods. Finally, the 



  

 

research is concluded and future research is proposed to extend to other safety management 

situations. 

2. Review of literature 

2.1. Intrusion problems on construction sites 

A ‘near-miss’ is identified as a special kind of accident precursor, and defined as an event in 

which no damage or injury actually occurs, but under slightly different circumstances, could 

have resulted in harm (Phimister et al., 2004). It is widely accepted that reported accidents on 

construction sites are just the ‘tip of the iceberg’, with a very large number of near-misses that 

occur resembling the bulk of the iceberg under the water’s surface (Wu et al., 2010). This is 

also supported by the estimation that 90.9% of all accidents produce no injuries, while 8.8% 

result in minor injuries and only 0.3% cause major injuries (Heinrich et al., 1950). For 

construction work, the unauthorized presence in a hazardous area – defined as an ‘intrusion’ in 

this study represents a very common near miss. It is the major cause of process disturbance 

(Swuste et al., 2014) and leads to many critical safety issues such as falling from height (Zhou 

et al., 2012), electric shocks and being struck by working equipment (Wu et al., 2010). It not 

only can cause the unauthorized intruder to suffer from an accident, but can also interrupt or 

hurt other workers in the danger zone. 

 

As predicted in the theory of task dynamics (Winsemius, 1965), intrusion behavior is an 

individual’s assessment of risk vs. time and/or convenience. Thus, if an identified path seems 

to be faster or more convenient; and is perceived to be only slightly risker than following a 

safer path that is slightly longer, the additional risk is more likely to be accepted and the faster 

or more convenient path will be taken. Further, the extra risk is also more likely to be 

underestimated. For example, in a virtual training system program conducted by Teizer et al. 

(2013), a rigger underestimated the risk of danger and walked below the work space of a 



  

 

connector, with a high risk of being struck by falling materials. This experiment demonstrated 

that workers often underestimate the dangers in working in areas other than their own. This also 

leads to failings in visibility and other misperceptions of dangers on construction sites (Hinze 

and Teizer, 2011). 

 

Intrusion is often neglected in safety research because current assessment is mainly focused on 

visible outcomes, such as critical injuries and accidents, and it is hard to identify near-misses 

in time (SWA, 2013). Intrusion records are commonly self-reported, which is inhibited by a 

blame culture for error, time-consuming paperwork, and lack of feedback on how the 

information reported has been used (Van Der Schaaf and Kanse, 2004). To address these 

problems, current activities primarily involve modifying behavior through safety regulations 

and training (Kaskutas et al., 2013) and improving safety attitude through an improved 

organizational safety culture (Fung et al., 2012). These methods are useful, but do have 

disadvantages such as: (1) they are unable to remedy the limitations of humans to effectively 

detect all surrounding danger sources; and (2) they largely rely on wandering inspection and 

lagged (outcome) measurement, which fails to provide feedback to change unsafe behaviors 

before it escalates. 

 

Undoubtedly, near misses provide insights into possible preventative accidents and present a 

significant opportunity to proactively improve safety outcomes. It is possible to significantly 

improve safety by learning from previous near misses and tracking them in real-time in order 

to take appropriate action prior to an accident (Wu et al., 2010). Although previous studies have 

highlighted the effectiveness of location tracking technologies for intrusion capture (Li et al., 

2015), little research has been conducted into further mining the location tracking data. 



  

 

2.2. Age, gender and unsafe behaviors 

In previous research, age has been regarded as one of the most significant influences on injuries 

in construction, which is treated as an important index of severity of accidents (Azadeh et al., 

2015). In fact, it has been claimed as the age of the involved worker increases, so too does the 

seriousness of the accident (Camino López et al., 2011). Previous studies have identified that 

young workers’ fatality rates are much higher than the overall fatality rate (Ehsani et al., 2013), 

however, older workers’ injury rates are significantly higher (Rabi et al., 1998; Salminen, 

2004). For example, Dong et al. (2013) found that construction workers who were under 45 

years old accounted for a larger percentage of fatal falls from height, while the youngest (16–

19 years) and oldest (65 years and older) workers accounted for the highest rates of falling 

fatalities. These similar findings tend to indicate the age interval of victims who are most 

vulnerable to injuries or fatal accidents on construction sites. Moreover, age is also as a key 

factor leading to unsafe behaviors. For example, younger workers were less able to perceive 

the danger of eye injury and also were less likely to use protective equipment (Lombardi et al., 

2009). 

 

In terms of total numbers, male workers make up the majority of onsite workers in the 

construction industry, and male workers have more injuries and fatalities (Chi et al., 2014). In 

addition, compared with their female colleagues, male workers also have a higher fatality 

(Cheng et al., 2012a, 2012b; Lin et al., 2011). This trend is consistent in other industries. Some 

researchers have found out that male workers have occupational injury rate as high as eight 

times more than female workers (Lin et al., 2008; Zhang et al., 2011). In addition, researchers 

also reported that men have a higher rate of repeat accidents (Bena et al., 2006). Lin et al. (2008) 

further concluded that for female workers there exists a significant correlation between age and 

number of fatalities, while male workers presented an inverted U-shaped correlation, where the 



  

 

male occupational fatality rate decreased sharply in the 25–34 age group, then increased with 

advancing age. This highlights the differing patterns of fatalities between female age groups 

from that of males. 

 

Although the significant importance has been placed on the influence of both age and gender 

on construction safety, the scarce availability of intrusion data on construction sites impede the 

in-depth consideration of their possible impacts on this kind of serious rulebreaking behavior. 

3. Research methods 

3.1. Massive intrusion data collection 

In this study, intrusion behaviors are the focus and related information is collected for further 

data analysis. In general, the information collection technology selected should provide 

accurate information about who enters specific danger zones and at what time. Based on the 

requirements above, a location tracking system developed by the virtual construction laboratory 

of Hong Kong Polytechnic University was selected as the most appropriate system to collect 

intrusion behavior data needed. This three-layer system, which is shown in Fig. 1, consists of 

real-time location tracking and virtual construction parts. Detailed information about this 

system is presented in Li et al. (2015). The full set of data was collected from December 2015 

to April 2016 on a mega viaduct project in Shanghai, China. The viaduct was 9.44 km in length 

and the project lasted for more than 3 years. This project gained significant attention in China 

as an important municipal engineering project and hired thousands of workers from all over the 

country. This project was selected for two main reasons, (a) it suffered serious intrusion 

problems and two fatalities occurred due to the unauthorized entry to dangerous areas; and (b) 

the open construction site met the requirements of the system selected, which increased data 

collection accuracy. Researcher observation also occurred during the entire experiment. The 



  

 

behavior related information was captured by both the system and camera to maximize 

accuracy. 

 

There were 147 workers who participated in this experiment. In order to capture the required 

age and gender groups, 17 females and 130 males participated in the experiment, and their ages 

range from 23 to 60. The sample almost covered all the female workers on the construction site 

to maximize the proportional gender balance. In this project, five main trades are taken into 

consideration, and they are electric welding, carpentry, concreting, bar setting and bar tensing. 

These trades comprise almost all the jobs on the construction site to comprehensively capture 

the intrusion behaviors. The workers originated from a wide range of locations in different parts 

of China including He Bei, An Hui, Chong Qing, Gan Su, Guang Dong, He Nan, Jiang Su, Si 

Chuan, Hu Bei and Yun Nan, as presented in Table 1. On every experiment day, different 

workers were invited as the data collection subjects and everyone was provided an ID number 

from 1 to 147. Two researchers were responsible for setting up the system and the safety 

manager was deployed to identify the danger zones where the workers could easily intrude and 

specify which danger zone was forbidden to which worker. 

 

The danger zones include almost all the places on site where accidents may happen easily and 

often. They can be designated working areas to some workers, but also can be forbidden zones 

to workers who do not work in this area. In this experiment, the danger zones were designated 

as the lifting area, welding area, fire-forbidden area, fallingprone area, stumble-prone area, 

electricity box area, joint area, and holes. Specifically, the lifting area is a location near the 

lifting machine and materials, where an intruder can be easily hit. The welding area is the place 

where the welder works with the risk of burns or eye injury. The fire-forbidden area is a location 

were flammable and combustible materials are placed. Falling-prone areas are typical in this 



  

 

project because the viaduct is very high and there are platform edges without safety fences. As 

mentioned before, a serious fall from height accident occurred on this project. Since much of 

the rebar work occurs on the platform, it is very easy to stumble on the rebar. As such, the 

senior safety manager identified these rebar areas as stumble-prone areas and the workers who 

did not work in this area were forbidden to enter. The electricity box area is the location near 

the electricity box where there was risk of electric shocks. The joint area is defined as the 

unfinished connection area between the two viaduct sections. In this area, the rebar had not 

been connected and it is very easy to fall from height. Lastly, there are many holes on the 

working platform that can cause a serious fall from height accident. 

 
3.2. Data analysis methods 

Two-way ANOVA was selected as the primary data analysis method since this study has one 

continuous dependent variable, and more than one categorical and independent groups for each 

independent variable, and takes both of age and gender factors into consideration (Laerd 

Statistics, 2013). The entire data analysis process is presented in Fig. 2. Before two-way 

ANOVA assumption tests, “Split file” and “Explore” functions should be conducted to split the 

data by gender and age separately. The outlier is checked in a boxplot and normality is tested 

using Shapiro-Wilk method at the beginning. The normality assumption is strictly met when 

the significant value is smaller than .05, or conservatively accepted with a statistical 

significance level of .01, which equates to a z-score between ± 2.58 (Laerd Statistics, 2013). In 

this study, z-scores of skewness and kurtosis are calculated by the functions of 𝑍𝑍𝑠𝑠 =

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑠𝑠𝑠𝑠
𝑆𝑆𝑆𝑆𝑆𝑆.𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 

 𝑎𝑎𝑎𝑎𝑎𝑎 𝑍𝑍𝑆𝑆 = 𝐾𝐾𝐾𝐾𝐸𝐸𝑆𝑆𝐸𝐸𝑠𝑠𝐾𝐾𝑠𝑠
𝑆𝑆𝑆𝑆𝑆𝑆.𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸

. Then, the homogeneity assumption is tested by the formal 

Levene’s test and should achieve a non-statistically significant result (p > .05), which indicates 

that the data has equal (population) variances and has not violated the assumption of 

homogeneity of variances. If the data does not satisfy the fundamental assumptions, three 



  

 

methods are applied, i.e. proceeding on original data, removing the outliers and transformation, 

and the results from the different analysis methods are compared with each other by the 

following. Specifically, transformations used in this study include log(Xi), Xi and 1/Xi, which 

have been proved to correct positive skewness effectively. In this study, all three transformation 

methods were applied and the corrective effects were compared in terms of outlier number and 

normality, then the most appropriate transformed data was selected for further ANOVA 

analysis. 

 

Following the data preparations described above, the assumption of interactive effects are tested 

by the ten-step classical ANOVA procedure. Simple main effects are analyzed further 

following the significant interaction (interactive sig. < .05) to explore the detailed differences 

between two age and gender groups. The code for simple main effects is partly shown in Fig. 

3. The significant values assist in deriving whether difference of mean intrusion behaviors in 

any two age and gender groups exist (pairwise sig. < .05). To ensure the accuracy of data 

analysis, all the results from different analysis methods are compared with each other and the 

reasonable outcome is finally obtained. 

3.3. Interviews 

Due to the limited prior information about intrusion behavior and the application of the new 

automatic intrusion assessment method to identify intrusion frequency and duration, a 

qualitative interview program was adopted to effectively reveal the reasons behind intrusion 

behavior without imposing any preconceived assumptions of the researchers. 

 

Three rounds of interviews were conducted in different phases of the study. The first round 

interviews were carried out at the end of the on-site experiment in Shanghai. It aimed to explore 

perceptions in using the new system. Accordingly, two construction workers and two safety 



  

 

managers, who participated in the test experiment, were targeted for interviews. Each interview 

in this phase lasted approximately half an hour. 

 

The second interview round was conducted, which intended to verify the collected data by the 

new system on the Shanghai construction site. During this round, three senior safety managers 

with hands-on experience were interviewed separately. They were responsible for identifying 

the danger zones on the construction site and defining the forbidden zones to the different 

construction workers who participated in the experiment. 

 

The final interview round was implemented after the statistical analysis. Three senior safety 

managers were interviewed after they were each provided the analyzed data reports. To explain 

the results, the opinions from the safety managers are needed to derive the practical reasons 

behind the analyzed intrusion behavior and provide valuable recommendations for future 

intrusion behavior management. Each interview with the three safety managers lasted 

approximately one hour. All the interviewees’ profiles and interview questions during the three 

phases are shown in Table 2. 

4. Analysis results 

4798 intrusion records were captured by the location tracking system during the entire 

experiment. Figs. 4 and 5 visually presents the estimated marginal means of intrusion frequency 

and duration in different age and gender groups. In most cases, workers in the middle age group 

intrude more often, and the younger workers have lowest intrusion frequency (Fig. 4(a) and 

(c)). Nine tenths of male workers intrude much more often than female workers (Fig. 4(a) and 

(c)), while the male workers perform slightly better than female workers after removing all 

highly positive intrusion outliers (Fig. 4(b)). As for how long unauthorized workers stay in 

danger zones, age seems to have a positive correlation in the female group, where older female 



  

 

workers intrude longer than the other age groups shown in the left part of Fig. 5. However, for 

male workers, middle-aged workers are still problematic, and have the highest intrusion 

duration. 

 

The descriptive mean intrusion frequency and duration highlights the seriousness of the 

intrusion problem as presented in Tables 3 and 4. In the eight working hours every day, 

intrusion happens at least once per 11.5 min (mean = 0.00144/s). In extreme situations, 

unauthorized workers enter danger zones more than fourteen times per minute (mean = 

0.02430/s), when they are involved in construction work in a compressed schedule. They 

remain in danger zones for more than 10 s every time (mean = 10.783 s), and reaching up to 

almost 30 s in the eldest male group (mean = 27.462 s). 

 

Further, Tables 5 and 6 present the analysis results of the effect of age and gender on intrusion 

frequency and duration from a strict statistical significance perspective. The intersection of the 

analysis results from all the alternative analysis methods cannot prove age and gender have 

interactive effects on how often the workers intrude in danger zones (sig. = .986 > .05, sig. = 

.738 > .05 and sig. = .004 < .05). But on most occasions, after removing the eight outliers, it is 

identified that the male workers in the youngest age group have lowest intrusion in comparison 

to male workers in other age groups (mean = 0.00106/s, mean = 0.00548/s, mean = 0.00483/s, 

mean = 0.00451/s, sig. = .000 < .05, sig. = .000 < .05 and sig. = .006 < .05). Further, after 

removing outliers, the results also show that the male workers intrude in danger zones much 

more often than females in the 31–40 and 41–50 age groups (mean = 0.00281/s, mean = 

0.00256/s, mean = 0.00548/s, mean = 0.00483/s, sig. = .015 < .05 and sig. = .003 < .05). As for 

the outliers of intrusion frequency, it is clear that all the outliers are related to males, and all of 

them are much higher than normal intrusion frequency. Additionally, the highest intrusion 



  

 

frequency occurs with male workers in the 31–40 age group (mean = 0.02430/s) and the 41–50 

age group (mean = 0.01763/s), which also supports the claim that male workers in the middle 

age group are greater risk-takers than workers from other groups. 

 

As for intrusion duration, analysis on both original data and reciprocally transformed data 

indicates that the female workers within the 41–50 age group stay in danger zones much longer 

than those within the 31–40 age group (sig. = .017 < .05, sig. = .002 < .05 and sig. = .000 < 

.05). In most occasions, the female workers from the youngest age group stay in danger zones 

for a significantly shorter duration than females within the oldest age group (mean = 8.1250 s, 

mean = 12.7222 s and sig. = .028 < .05). Further, female workers within the 31–40 age group 

stay in danger zones for the shortest time (mean = 10.783 s), which is significantly shorter than 

those in the 41–50 and 51–60 age groups (mean = 21.881 s, mean = 25.762 s, sig. = .017 < .05, 

sig. = .002 < .05, sig = .000 < .05, sig. = .040 < .05, sig. = .004 < .05 and sig. = .000 < .05). As 

for the gender factor, the analysis of the original data, transformed data and data without outliers 

obtained similar results. It highlights that female workers within the 31–40 age group stay in 

danger zones for a shorter amount of time than male workers with the 31–40 age group (means 

= 10.783 s, mean = 24.623 s, sig. = .000 < .05, sig. = .000 < .05 and sig. = .000 < .05). After 

taking the special cases out of consideration, the mean intrusion duration without outliers for a 

male is significantly larger than that of a female in all age groups, except for the eldest age 

group (mean = 8.1250 s, mean = 6.0612 s, mean = 10.0408 s, mean = 12.7222 s, mean = 10.6200 

s, mean = 13.9774 s, mean = 15.5121 s, mean = 12.2870 s, sig.=.004 < .05, sig = .015 < .05, 

sig. = .003 < .05 and sig. = .053 > .05). 

 



  

 

5. Implications and limitations 

5.1. Implications of interviews 

In consideration of the challenge that intrusion behaviors on construction sites have been 

frequently ignored and are difficult to manage, location-tracking technology combined with 3D 

modeling has been determined to be an effective and accurate method to automatically identify, 

capture, and record this type of risk-taking behavior. As a result of the targeted interviews, five 

main reasons for the occurrence of intrusion behavior were determined. These reasons are: (1) 

a lack of safety perception, (2) shortcuts due to unsafe site layout, (3) lack of safe places to rest, 

(4) tight work schedules, and (5) poor safety attitudes, particularly due to hyper-masculine 

norms in construction. 

 

The youngest age group have the least number of intrusion than male workers in other age 

groups. This may be attributed to a better safety attitude of new construction workers. “The 

young workers, of course, have relatively less safety knowledge than the experienced ones, but 

the newcomers are more likely to pay attention to safety issues”. “They like to attend the safety 

meeting and training on time, and they listen carefully to what I tell them”. “Maybe sometimes 

the young workers cannot behave expertly, but they often behave carefully”. On the contrary, 

“the elder and experienced workers have much higher safety perception, and surely they 

believe themselves to avoid hurt on a construction site, which lead to ignoring safety rules and 

regulations”. 

 

Compared with female workers, “male workers like to brag to others”. “They know clearly 

where it is dangerous, but they like to compete with each other by taking the risk to prove that 

they are brave”. What’s more, the male workers “have more rest than females, especially those 

in middle age”, “because they smoke a lot on the dangerous edge areas and have poor safety 



  

 

attitude than the younger and older workers”. “The young workers have the least safety 

knowledge and the eldest ones have experienced many incidents so that they all cherish their 

lives than the middle-aged workers, who have a lot of safety knowledge but ignore the 

dangers”. 

 

“Compared with male workers, the females intrude danger zones mainly [to] take shortcuts”, 

so that the female workers who walk slowly may stay in danger zones longer. Apparently, the 

female workers in the older age groups move relatively slower than the younger workers, which 

may explain why they stay longer in danger zones. Further, similar to the age influence on 

intrusion frequency, “the elder female workers have better safety perception, but poorer 

attitude”. “They like to go to others’ work areas for a chat while the younger female workers 

work harder with less rest”. 

 

Interview results indicate that intrusion behaviors could be managed in five main areas, thereby 

providing a practical reference for improved intrusion control and management. According to 

the interviews, detailed information of danger zones in every project should be presented to 

construction workers by safety managers, particularly through site orientation, safety training 

or regular reminders on site. Site workers should be provided with timely information on the 

current danger zones. With regards to daily supervision, safety managers should focus on 

unique worker and location characteristics that may cause extensive intrusion behaviors. In 

particular, group and location characteristics that should be considered are middle-aged males, 

working in small areas in close proximity to danger zones. Safety managers should also provide 

regular reminders to individual workers with high intrusion risk tendency. The intrusion data 

indicates that a reward and punishment system should be considered to improve the long-term 

safety behaviors of workers. Thereafter, all intrusion records should be analyzed to facilitate 



  

 

the design of the construction site layout to minimize and possibly eliminate unreasonably high 

risk areas. Moreover, the establishment of designated safe rest areas is strongly recommended 

to minimize risk for workers on their work breaks. Lastly, intrusion analysis can be considered 

in managing workload arrangements. Outliers indicate that workload can impact on intrusion 

behaviors. Thus, an extremely high intrusion frequency is often related to extensive workload 

and compressed schedules, whereas long intrusion duration suggests that workers have 

substantial time to rest. 

 

Results indicate by adopting the location-tracking system, safety managers can obtain detailed 

and complete information related to the behaviors of workers, thereby revising their current 

safety management approach through real-time monitoring, targeted training, systems to 

reward positive behavior, and reasonable workload distribution. All the interviewed safety 

managers believed that such recommendations can be applied to improve intrusion 

management with the assistance of the location-tracking system. 

5.2. Limitations 

This study is limited mainly in two areas, namely, the partial system test experiment and a 

limited sample for data collection. The experiment was conducted in an open construction site, 

thereby supporting the validity and feasibility of the selected location-tracking system in 

identifying and recording intrusion behaviors. However, the inclusion of walls and roofs may 

result in an out-of-order system by blocking signals, thereby possibly leading to inaccuracy in 

data collection. Also, the influencing factors were limited to age and gender only, and did not 

include other possible demographic and external factors that may influence intrusion behavior, 

such as education level or culture. The main reason for these two limitations is the proposed 

technology is considerably new to the construction industry; thus, further research is required 

to apply such technology on a longer-term basis and collect a larger set of data to validate and 



  

 

further expand on the findings presented in this paper. Finally, the experiment was limited to a 

single construction project in Shanghai, China. This may limit the ability to generalize findings 

to other construction contexts in other countries. However, the research implications are likely 

to apply in similar construction projects in other similar developing countries. 

6. Conclusions and future work 

While intrusion has been revealed as a serious rule-breaking problem on construction sites, 

there is currently little research that provides insight into what factors may influence this kind 

of behavior or how to manage it based on large-scale intrusion data. In this study, we applied 

location tracking technology to collect a wide range of intrusion data to empirically test how 

age and gender may explain differences in intrusion behaviors. The analysis indicates quite 

clearly their significance on intrusion behavior across age and gender groups. Our findings 

suggest that the two selected demographic factors indeed have interactive significant effects 

both on intrusion frequency and duration. Further, middle-aged male workers had the poorest 

intrusion performance and should be targeted in safety training to reduce unauthorized entry to 

hazardous areas on construction sites. This study also shed light on the way in which intrusion 

could be more effectively managed to facilitate improved safety performance in the 

construction industry. 

 

As technology develops, it is expected future research could be conducted to further develop 

an intrusion management system that functions in enclosed projects. Finally, in addition to the 

two factors of age and gender considered in this study, future research could also consider other 

influencing factors that may impact on intrusion behavior, such as level of education, 

personality type, organizational culture, individual drinking and smoking habits or inclement 

weather. 



  

 

Acknowledgements 

This work was supported by a General Research Grant titled “Proactively Monitoring 

Construction Progress by Integrating 3D Laserscanning and BIM” from the Research Grants 

Council of Hong Kong (Reference No. PolyU 152093/14E) and National Natural Science 

Foundation of China (Grant No. 71801094). The authors also gratefully acknowledge the 

Business School of East China University of Science and Technology for providing support. 

Appendix A. Supplementary material 

Supplementary data to this article can be found online at https:// 

doi.org/10.1016/j.ssci.2019.02.035. 

References 

Arezes, P.M., Miguel, A.S., 2003. The rule of safety culture in safety performance 
measurement. Measur. Bus. Excell. 7 (4), 20–28. 

Azadeh, N., Schuh, A., Rashedi, E., Camelio, J.A., 2015. Risk assessment of occupational 
injuries using accident severity grade. Saf. Sci. 76, 160–167. 

Bena, A., Mamo, C., Marinacci, C., Pasqualini, O., Tomaino, A., Campo, G., Costa, G., 2006. 
Risk of repeat accidents by economic activity in Italy. Saf. Sci. 44 (4), 297–312.  

Camino López, M.A., Ritzel, D.O., Fontaneda González, I., González Alcántara, O.J., 2011. 
Occupational accidents with ladders in Spain: risk factors. J. Saf. Res. 42 (5), 391–398. 

Cebardor, S., Romen, R., Arquillos, A., 2014. Severity of electrical accidents in the 
construction industry in Spain. J. Saf. Res. 48, 63–70. 

Cheng, C.W., Leu, S.S., Cheng, Y.M., Wu, T.C., Lin, C.C., 2012a. Applying data mining 
techniques to explore factors contributing to occupational injuries in Taiwan’s construction 
industry. Accid. Anal. Prev. 41, 214–222. 

Cheng, C.-W., Leu, S.-S., Cheng, Y.-M., Wu, T.-C., Lin, C.-C., 2012b. Applying data mining 
techniques to explore factors contributing to occupational injuries in Taiwan's construction 
industry. Accid. Anal. Prev. 48, 214–222. 

Chi, C.F., Lin, S.Z., Dewi, R.S., 2014. Graphical fault tree analysis for fatal falls in the 
construction industry. Accid. Anal. Prev. 72, 359–369. 

Choudhry, R.M., 2012. Implementation of BBS and the impact of site-level commitment. J. 
Prof. Issues Eng. Educ. Pract. 138 (4), 296–304. 

Choudhry, R.M., Fang, D., Mohamed, S., 2007. Developing a model of construction safety 
climate. J. Manage. Eng. 23 (4), 207–212. 

Dong, X.S., Choi, S.D., Borchardt, J.G., Wang, X., Largay, J.A., 2013. Fatal falls from roofs 
among U.S. construction workers. J. Saf. Res. 44 (1), 17–24. 

Ehsani, J.P., McNeilly, B., Ibrahim, J.E., Ozanne-Smith, J., 2013. Work-related fatal injury 
among young persons in Australia, July 2000–June 2007. Saf. Sci. 57, 14–18. 

https://doi.org/10.1016/j.ssci.2019.02.035
https://doi.org/10.1016/j.ssci.2019.02.035
https://doi.org/10.1016/j.ssci.2019.02.035
https://doi.org/10.1016/j.ssci.2019.02.035
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0005
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0005
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0005
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0005
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0005
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0010
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0010
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0010
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0010
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0010
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0010
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0015
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0015
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0015
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0015
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0015
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0015
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0015
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0020
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0020
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0020
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0020
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0020
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0020
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0020
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0025
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0025
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0025
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0025
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0025
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0025
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0030
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0030
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0030
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0030
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0030
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0030
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0030
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0030
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0030
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0030
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0035
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0035
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0035
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0035
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0035
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0035
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0035
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0035
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0040
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0040
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0040
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0040
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0040
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0040
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0045
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0045
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0045
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0045
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0045
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0045
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0050
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0050
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0050
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0050
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0050
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0050
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0055
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0055
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0055
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0055
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0055
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0055
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0060
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0060
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0060
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0060
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0060
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0060
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0060
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0060


  

 

Fung, I.W.H., Lo, T.Y., Tung, K.C.F., 2012. Towards a better reliability of risk assessment: 
development of a qualitative & quantitative risk evaluation model (Q 2REM) for different 
trades of construction works in Hong Kong. Accid. Anal. Prev. 48, 167–184. 

Heinrich, H.W., Petersen, D., Roos, N., 1950. Industrial Accident Prevention. McGrawHill, 
New York. 

Hinze, J.W., Teizer, J., 2011. Visibility-related fatalities related to construction equipment. Saf. 
Sci. 49, 709–718. 

Kaskutas, V., Dale, A.M., Lipscomb, H., Evanoff, B., 2013. Fall prevention and safety 
communication training for foremen: report of a pilot project designed to improve 
residential construction safety. J. Saf. Res. 44, 111–118. 

Lared Statistics, 2013. The instructions of how to do data analysis by SPSS. Retrieved on 
Semptember 18, 2017, from < https://statistics.laerd.com/premium/istt/independent-t-test-
in-spss-4.php > . 

Li, H., Dong, S., Skitmore, M., He, Q.H., Qin, Y., 2015. Intrusion warning and assessment 
method for site safety enhancement. Saf. Sci. 84 (2016), 97–107. 

Lin, Y.H., Chen, C.Y., Luo, J.L., 2008. Gender and age distribution of occupational fatalities 
in Taiwan. Accid. Anal. Prev. 40 (4), 1604–1610. 

Lin, Y.H., Chen, C.Y., Wang, T.W., 2011. Fatal occupational falls in the Taiwan construction 
industry. J. Chin. Instit. Ind. Eng. 28 (8), 586–596. 

Lingard, H., Wakefield, R., Cashin, P., 2011. The development and testing of hierarchical 
measure of project OHS performance. Eng. Constr. Archit. Manage. 18 (1), 30–49. 

Lombardi, D.A., Verma, S.K., Bernnan, M.J., Perry, M.J., 2009. Factors influencing worker 
use of personal protective eyewear. Accid. Anal. Prev. 41 (4), 755–762. 

National Bureau of Statistics, 2007–2017. Chinese labor statistical yearbook. Retrieved on 
February 26, 2018, from < http://www.mohrss.gov.cn/SYrlzyhshbzb/zwgk/szrs/ 
tongjinianjian/ > . 

Phimister, J.R., Bier, V.M., Kunreuther, H.C., 2004. Accident Precursor Analysis and 
Management: Reducing Technological Risk through Diligence. National Academies Press. 

Rabi, A.Z., Jamous, L.W., AbuDhaise, B.A., Alwash, R.H., 1998. Fatal occupational injuries 
in Jordan during the period 1980 through 1993. Saf. Sci. 28 (3), 177–187. 

Salminen, S., 2004. Have young workers more injuries than older ones? An international 
literature review. J. Saf. Res. 35 (5), 513–521. 

SWA, 2013. Issues in the Measurement and Reporting of Work Health and Safety Performance: 
A Review. 

Swuste, P., Gulijk, C.V., Zwaard, W., Oostendorp, Y., 2014. Occupational safety theories, 
models and metaphors in the three decades since World War II, in the United States, Britain 
and the Netherlands: a literature review. Saf. Sci. 62, 16–27. 

Teizer, J., Cheng, T., Fang, Y., 2013. Location tracking and data visualization technology to 
advance construction ironworkers' education and training in safety and productivity. Autom. 
Constr. 35, 53–68. 

Van Der Schaaf, T., Kanse, L., 2004. Biases in incident reporting databases: an empirical study 
in the chemical process industry. Saf. Sci. 42, 57–67. 

Wiegand, D.M., 2007. Exporing the role of emotional intelligence in behavior-based safety 
coaching. J. Saf. Res. 38 (4), 391–398. 

Winsemius, W., 1965. Some ergonomic aspects of safety. Ergonomics 8, 151–162. 
Wu, W., Yang, H., Chew, D.A.S., Yang, S.H., Gibb, A.G.F., Li, Q., 2010. Towards an 

autonomous real-time tracking system of near-miss accidents on construction sites. 
Autom. Constr. 19, 134–141. 
Zhang, M., Fang, D., 2013. A continuous behavior-based strategy for persistent safety 

improvement in construction industry. Autom. Constr. 34, 101–107. 

http://refhub.elsevier.com/S0925-7535(18)30933-0/h0065
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0065
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0065
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0065
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0065
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0065
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0065
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0065
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0065
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0065
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0070
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0070
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0070
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0070
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0075
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0075
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0075
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0075
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0075
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0075
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0080
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0080
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0080
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0080
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0080
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0080
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0080
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0080
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0080
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0080
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0085
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0085
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0085
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0085
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0085
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0085
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0090
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0090
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0090
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0090
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0090
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0095
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0095
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0095
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0095
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0095
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0095
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0095
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0100
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0100
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0100
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0100
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0100
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0100
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0100
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0100
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0105
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0105
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0105
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0105
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0105
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0105
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0105
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0105
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0110
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0110
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0110
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0110
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0110
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0115
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0115
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0115
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0115
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0115
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0120
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0120
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0120
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0120
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0120
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0130
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0130
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0130
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0130
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0130
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0130
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0130
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0130
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0135
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0135
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0135
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0135
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0135
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0135
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0135
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0135
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0140
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0140
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0140
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0140
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0140
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0140
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0145
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0145
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0145
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0145
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0145
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0145
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0150
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0150
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0150
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0150
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0155
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0155
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0155
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0155
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0155
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0155
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0155
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0160
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0160
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0160
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0160
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0160
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0160


  

 

Zhang, W., Gkritza, K., Keren, N., Nambisan, S., 2011. Age and gender differences in 
conviction and crash occurrence subsequent to being directed to Iowa's driver 
improvement program. J. Saf. Res. 42 (5), 359–365. 

Zhou, Z., Li, Q., Wu, W., 2012. Developing a versatile subway construction incident database 
for safety management. J. Constr. Eng. Manage. 138, 1169–1180.  

http://refhub.elsevier.com/S0925-7535(18)30933-0/h0165
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0165
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0165
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0165
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0165
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0165
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0165
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0165
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0165
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0165
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0170
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0170
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0170
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0170
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0170
http://refhub.elsevier.com/S0925-7535(18)30933-0/h0170


  

 

 

 
Fig. 1. Three-layer system workflow (Li et al., 2015). 

  



  

 

 

Fig. 2. Data analysis process. 

  



  

 

 

Fig. 3. Sectional simple main effects code in this study. 

  



  

 

 

(c) Data without outliers 

Fig. 4. Gender and age effects on intrusion frequency. 
 

 

 

( a)Original data ( b) Transformed data 



  

 

 

  

 
(c) Data without outliers 

Fig. 5. Gender and age effects on intrusion duration. 

( a)Original data ( b) Transformed data 



  

 

Table 1  
Demographic description of the experiment participants. 

 Gender Age Trade Hometown 

Category 
(Number, Ratio) 

Male 
(130, 93%) 
Female 
(17, 7%) 

20–25 
(9, 6%) 
26-30 
(17, 12%) 
31-35 
(19, 13%) 
36-40 
26, 18%) 
41-45 
(30, 20%) 
46-50 
(27, 18%) 
51-55 
(12, 8%) 
56-60 
(7, 5%) 

Bar setter 
(21, 14%) 
Bar tensing 
(55, 37%)  
Welding 
(20, 14%) 
Carpenter 
(26, 18%) 
Concrete worker 
(25, 17%) 

An Hui 
(23, 16%) 
Chong Qing 
(12, 8%)  
Gan Su 
(10, 7%) 
Guang Dong 
(11, 7%)  
He Bei 
(12, 8%)  
He Nan 
(13, 9%)  
Hu Bei 
(11, 7%) 
Jiang Su 
(11, 7%) 
Si Chuan 
(30, 20%)  
Yun Nan 
(14, 10%) 

 



  

 

Table 2 
Three-round interview protocol. 

Interview Phase Interviewee No. Position Years of working Questions 

On-site experience Worker A Bar setter 7 Construction workers: 
1. Do you think the system can track your intrusion behaviors and why? 
2. Do you think the system can help you correct your intrusion behaviors and how? 
3. What aspects do you think the system should improve? 
Safety managers: Please identify the danger zones according to your experiences. Do you think the system is 
useful for your safety management work and how? How does this system change your intrusion behavior 
management methods? What aspects do you think the system should improve? 

 Worker B Concretor 8 

 Manager A Safety manager 3 

 Manager B Safety manager 2 

Observation phase Manager C Senior safety manager 7 1. Could you please identify all the possible danger zones on the construction site and describe them? 
2. Could you please select the workers to participate the data collection and provide the detailed information 

about them? 
3. Could you please distribute the identified dangerous zone to the selected workers who participate in this 

experiment? 

 Manager D Senior safety manager 13 

 Manager E Senior safety manager 9 

Recommendation phase Manager C Senior safety manager 7 1. Why do you this the data analysis results are like this? 
2. What recommendations do you have to improve  the intrusion behaviors? 

 Manager D Senior safety manager 13 

 Manager E Senior safety manager 9 



  

 

Table 3 
The descriptive statistics of intrusion frequency in different age and gender groups. 

 Female 
(n – 17)   Male 

(n – 130)   
 

 Estimated Mean Std,D.  Estimated Mean Std,D.   

       

 
21-30 .00144 

(.00144) 
.00082 
(1.41421)  

.00346 
(.00106) 

.00452 
(1.24887)  

31–40 .00281 
(.00281) 

.00110 
(1.39239)  .00989 

(.00548) 
.02430 
(1.23698)   

41–50 .00256 
(.00256) 

.00130 
(1.1599)  .00786 

(.00483) 
.01763 
(1.16565)   

51–60 .00191 
(.00191) 

.00187 
(1.30038) 

 .00546 
(.00451) 

.00475 
(1.17733) 

 
 

Note: the values in () are estimated marginal intrusion frequency means and standard deviation of every age and 
gender group without outliers.  



  

 

Table 4 
The descriptive statistics of intrusion frequency in different age and gender groups. 

 Female 
(n – 188)   Male 

(n – 4798)   
 

 Estimated Mean Std,D.  Estimated Mean Std,D.   

       

 
21-30 14.40 

(8.1250) 
14.096 
(1.30359)  

22.564 
(10.6200) 

31.014 
(1.23283  

31–40 10.783 
(6.0612) 

10.003 
(1.28961) 

 24.623 
(13.9774) 

30.614 
(1.21894) 

  

41–50 21.881 
(10.0408) 

24.995 
(1.29866) 

 25.708 
(15.5121) 

31.710 
(1.21137) 

  

51–60 25.762 
(12.7222) 

52.630 
(1.15964) 

 27.462 
(12.2870) 

44.159 
(1.22418) 

 
 

Note: the values in () are estimated marginal intrusion frequency means and standard deviation of every age and 
gender group without outliers. 
 

 

 

 

  



  

 

Table 5 
The interactive effects of age and gender on intrusion frequency. 
 1 2 3 4 5 6 7  8 

         
Female & 21–30         
Female & 31–40 .986 

.738 

.283 

       

Female & 41–50 .986 
.738 
.740 

.986 

.738 
1.000 

      

Female & 51–60 .986 
.738 
1.000 

.986 

.738 
1.000 

.986 

.738 
1.000 

     

Male & 21–30 .986 
.738 
.467 

NA NA NA     

Male & 31–40 NA .986 
.738 
.015* 

.986 

.738 
NA 

NA .986 
.738 
.000** 

   

Male & 41–50 NA NA .986 
.738 
.003** 

NA .986 
.738 
.000** 

.986 

.738 
1.000 

  

Male & 51–60 NA NA NA .986 
.738 
.053 

.986 

.738 

.006** 

.986 

.738 
1.000 

.986 

.738 
1.000 

 

 

Note: n =4986. Three significant values comes from the analysis of original data, transformed data and data with 
outliers removed respectively. 

* p < .05. 
** p < .01. 

  



  

 

Table 6 
The interactive effects of age and gender on intrusion duration. 
 1 2 3 4 5 6 7 8 

         
Female & 21–30 1.000        
Female & 31–40 1.000 

.314 
       

Female & 41–50 1.000 
1.000 
.737 

.017* 

.002** 

.000** 

      

Female & 51–60 .835 
1.000 
.028* 

.060* 

.004** 

.000** 

1.000 
1.000 
.363 

     

Male & 21–30 .134 
.612 
.025* 

NA NA NA     

Male & 31–40 NA .000** 

.000** 

.000** 

NA NA 1.000 
.012* 
.000** 

   

Male & 41–50 NA NA .277 
.289 
.000** 

NA .479 
.002** 
.000** 

1.000 
1.000 
.000** 

  

Male & 51–60 NA NA NA .774 
.910 
.739 

.246 

.702 

.013* 

.853 

.627 

.002** 

1.000 
.200 
.000** 

 

 

Note: n =4986. Three significant values comes from the analysis of original data, transformed data and data with 
outliers removed respectively. 

* p < .05. 
** p < .01 
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