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 Objective: This paper aims to show how REDECA Reengineering Delphi and Evaluation can be integrated 
with Artificial Intelligence (AI) in a way to increase the influence of AI on Occupational Safety and Health 
(OSH) by further advancing the risk identification process, the prevention of injuries, and the compliance 
with safety standards. 
Methods: A quantitative cross-sectional study method was used through multiple regressions analysis for 
the relationships between AI application, risk identification, injury reduction, safety culture, and 
compliance. Organizational safety culture was explored further as a moderator influencing the effectiveness 
of AI in OSH systems. 
Results: AI enhances the identification and prediction of risk, resulting in a significant reduction in 
workplace injuries and fatalities. AI-enabled applications ensure higher adherence to safety protocols and 
helped in building a time-tested safety culture. In fact, organizational safety culture improves the 
effectiveness of AI, serving as a vital moderating factor that facilitates lasting advancements in workplace 
safety practices. This points to the relationship between technological innovation and organizational 
influences on better OSH outcomes. 
Novelty: This study presents an original integration of AI-driven predictive safety mechanisms through the 
REDECA framework, highlighting the moderating role of safety culture. This serves as a bridge between 
technology adoption and organizational behavior to advance workplace safety strategies. 
Research Implication: The findings provide a roadmap to organizations to not just invest in AI-based 
safety systems but also to inculcate a strong safety culture to reap the rewards of technical advances. This 
research sends a message to the fostering of the AI integration as a transformative approach for OSH 
management, which aims for the sustainable improvements in workplace safety, risk mitigation and 
employed well-being for the policymakers and the industry leaders. 
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1. Introduction 

The last few years have witnessed a transformational phenomenon related to the implementation of Artificial 
Intelligence (AI) technologies into occupational safety and health (OSH) practices (Mehta et al., 2019; Singh et al., 2024). 
There is a growing trend for the use of AI to help improve workplace safety supported by advances in machine learning, 
data analytics and automation (Abioye et al., 2021; Baduge et al., 2022). From monitoring workplace hazards to 
predicting potential accidents and streamlining safety protocols, AI applications are now being employed to lower the 
incidence of occupational injuries and deaths (Rabbi & Jeelani, 2024; Shah & Mishra, 2024). Research indicates that AI 
policymakers highly recommended to be included in health and safety management systems to enhance safety from all 
angles (Sim et al., 2021; Wubineh et al., 2024). Ahmad et al. (2022), Xu & Saleh, (2021), investigated the predictive 
potential of AI through thematic applications of historical safety data, whereas Abedsoltan et al. (2024), Dey & Lee (2021) 
emphasized the potential expansion of AI in assisting decision making processes in safety-critical settings. Artificial 
intelligence, due to its ability to handle large amounts of safety data and facilitate continuous learning and adaptive 
response strategies, provides valid solutions (T. Ahmad et al., 2022). Empirical evidence has shown Echeberria (2022), 
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Sharma & Manchikanti (2024) that AI-led interventions have been effective in reducing workplace injuries, an important 
consideration in high-risk industries like construction and manufacturing. 

While AI offers great potential value to improve occupational safety and health, barriers to implementation still exist 
across industries. One of the major challenges is the reluctance to adopt AI technologies owing to job displacement 
concerns and potential skill shortages required for the specific technology. The integration of AI systems into existing 
safety management frameworks, especially in industries with complex operational environments, also poses technical 
challenges. Researchers have noted the challenges of obtaining accurate, high-quality data, and biases in AI algorithms, 
which could compromise the reliability of AI-based safety solutions (Albahri et al., 2023; Murikah et al., 2024). 
Furthermore, while AI shows potential for preventing accidents and enhancing safety outcomes, its success hinges on 
how much organizations trust and rely on AI systems (Felix Orikpete & Raphael Ejike Ewim, 2024; Makarius et al., 2020). 
Nævestad et al. (2018), Nnaji & Karakhan (2020) note, traditional safety management methods are so familiar and have 
been successful that they are still favored by many organizations. Therefore missing the large part of the adopters of AI 
in OSH thinking small and medium enterprises with limited resources and experts on how to implement advanced AI 

technologies (Jilcha Sileyew, 2020; Santos & Sant’Anna, 2024). 

The theoretical framework for the integration of AI in OSH is derived from the Technology Acceptance Model (TAM) 
and the Theory of Planned Behaviour (TPB) (Okoro et al., 2023; Okpala et al., 2021). Based on TAM, the perceived ease 
of use and the perceived usefulness play an important role in technology acceptance and adoption (Caffaro et al., 2020; 
Katebi et al., 2022). For AI in OSH specifically, Cao et al. 2021), Waqar et al. (2023) argued that factors like these are 
important for determining the extent to which employees and organizations adopt AI-based safety solutions. From the 
TPB perspective, as developed by Ajzen, (2020), behavioral intention, attitude and perceived control over use, will drive 
the phenomenon of using AI in safety. More recently, Cavalieri et al. (2024), Felix (2024), Mai et al. (2024), have adapted 
these theories to AI within safety management, with both studies highlighting some form of (positive) attitude towards 
the AI and a belief that the AI is useful as fortifying elements for its successful implementation in OSH. Moreover, 
emergent theories of human-machine collaboration underscore the nature of these interactions between human workers 
and AI systems in relation to improving decision-making and safety outcomes (Berx et al., 2022; Callari et al., 2024). 

Given that workplace accidents have been a global concern ever since, the need for assessing the impacts of AI on 
occupational safety and health is urgent, for the human, economic, and social burden caused by work-related injuries and 
diseases remains high. The initial findings from academic and applied research on AI in OSH appear positive, especially 
in highly hazardous sectors (Babalola et al., 2023; Zorzenon et al., 2022). As an example, AI systems can help reduce 
workplace injuries and fatalities by detecting hazards prior to accidents occurring (Ahn et al., 2023; Sattari et al., 2021). 
Still other studies yield mixed or negative results. Babushkina & Votsis (2022), Dwivedi et al. (2021) demonstrating the 
limitations of AI, particularly its limited effectiveness in unstructured domains where human intuition and experience 
still matter. This research is novel and serves to bridge this gap by exploring how background factors in industry contexts 
influence AI implementation and how it can be an adaptation of the AI to these contexts that can mitigate these issues. In 
addition, there remains uncertainty regarding AI's long-term effect on organizational safety culture and whether AI can 
be used to augment, instead of supplant, human decision-making. Also, this research position is to shed some light on the 
second step, it will help bridging the theory into practice by knowing how AI applications can be involved in OSH 
frameworks (Callari et al., 2024; Waqar et al., 2023). This study aims to balance the view of the potential and limitations 
of AI for improving workplace safety by exploring differences between positive and negative findings in the literature. 

The primary objective of this research is to evaluate in what ways the REDECA Framework, bolstered by Artificial 
Intelligence applications, contributes to enhancing results in occupational safety and health prevention. This paper 
focuses on the applications of AI technologies in the safety management system, in particular, how these systems can 
help understand prediction of risks, accident prevention and optimizing safety protocols. This study will examine drivers 
and barriers of AI uptake in OSH with a view to providing tangible guidance for practice and policy in the sector. Here in 
this research we hope to expand the discussion on technology and workplace safety by showcasing new opportunities in 
which AI could contribute to a more secure workplace. 

2. Critical Review 

2.1 Theoretical framework 

The adoption of Artificial Intelligence (AI) in Occupational Safety and Health (OSH) management has transformed risk 
management approaches. The Technology Acceptance Model (TAM) (Davis, 1989) suggests that the adoption of AI in OSH 
is primarily driven by the perceived use and ease of use of AI. Machine learning algorithms are employed for both 
prediction and risk identification to increase safety in all sectors, with a special focus on high-risk sectors, including 
construction and manufacturing (Zhang & Liu, 2021). This address to predictive capabilities and continuous revisions of 
risk management practices relates to the Risk Management Theory ISO 31000, 2018, wherein AI contributes to fruitful 

https://analysisdata.co.id/index.php/SHMW
https://analysisdata.co.id/index.php/index/AboutInovasiAnalisisData
https://creativecommons.org/licenses/by-sa/4.0/?ref=chooser-v1
mailto:https://analysisdata.co.id/index.php/SHMW/OpenAccessStatement


E-ISSN: 3047-9460, P-ISSN: 3048-3786 
Safety and Health for Medical Workers (SHMW), Vol 1, No 2, (2024), Page; 95-110 

 https://doi.org/10.69725/shmw.v1i2.151 

 
 

Safety and Health for Medical Workers (SHMW) © 2024 by Inovasi Analisis Data is licensed under CC BY-SA 4.0 

 
97 

 

re-examination of risk management. AI allows for a much more proactive approach to managing workplace risks by 
enhancing data processing and hazard prediction, which is a significant upgrade compared to traditional methods (Smith 
et al., 2021). AI technologies, especially machine learning (ML) and neural networks, can process huge volumes of data, 
identify developing safety concerns, and offer immediate remedies to reduce hazards. 

2.2 The Role of Artificial Intelligence in Enhancing Risk Identification and Prediction in High-Risk Industries 

Recent literature documents the contribution of Artificial Intelligence to the development of approaches to enhance 
the discovery and forecasting of occupational safety risks. 3. Applications of AI in Safety Systems ML and predictive 
analytics-based AI technologies are significantly implemented in many safety management systems (Huang et al., 2022). 
AI has been demonstrated to be effective in identifying potential hazards well ahead of time in high-risk domains (e.g., 
construction, mining, manufacturing) (Jia et al., 2020). Real-time IDENTIF-EYE uses Artificial Intelligence for Risk 
Evaluation, Detection and Control the REDECA Framework, to analyse safety data in real time so that risk can be predicted 
and mitigated before it leads to an accident. 

With the assistance of machine learning, AI collaborates with other tools through analyzing data from various 
heterogeneous sources and also tries to make safety management systems easier. Huang and Zhang (2019) found out 
that altering certain aspect of safety management systems based on AI will allow you to process massive quantities of 
datasets and yield better analysis about the risk and make recommendations since most of the time a human operator 
can miss some part of information. Furthermore, Wang et al. (2021), that assert AI’s predictive abilities enable 
organizations to mitigate safety incidents through proactive hazard identification and timely rescue. Other studies have 
demonstrated the effectiveness of AI in enhancing hazard reporting systems resulting in precise and dependable risk 
evaluations (Zhou et al., 2020). 

H1: Artificial Intelligence (AI) applications within the REDECA Framework significantly improve the identification and 
prediction of occupational safety risks in high-risk industries. 

2.3 The Impact of AI-Enhanced Safety Management Systems on Reducing Workplace Injuries and Fatalities 

AI-integrated safety management systems have proven effective in reducing workplace injuries and deaths. Various 
AI technologies can enhance occupational safety, including real-time monitoring, predictive maintenance, and automated 
hazard detection (Paliwal et al., 2020). The use of AI-powered systems can facilitate greater monitoring of workplace 
conditions, allowing for faster identification of risks and preemptive measures to avoid accidents. Liu et al. (2021) 
discovered that organizations using AI-based safety management experienced a decrease in accidents and injuries by up 
to 40%, in contrast to companies using traditional safety systems. 

Moreover, AI’s capabilities in analyzing historical safety data and identifying patterns in accident occurrence facilitate 
organizations in formulating custom-tailored safety protocols. By AI systems learning from previous occurrences, better 
predictive capabilities are offered, enabling organizations to better anticipate and mitigate risks (Huang & Zhang, 2020). 
According to research, adopting AI in safety management is helpful in minimizing fatalities due to early detection of 
hazards and improving response times (Zhang & Liu, 2021). 

H2: The adoption of AI-enhanced safety management systems positively impacts the reduction of workplace injuries 
and fatalities. 

2.4 The Influence of Organizational Culture and Existing Safety Practices on the Effectiveness of AI in Occupational Safety 

The performance of AI in enhancing occupational safety outcomes is a function of the existing organizational culture 
and safety management practices. A good safety culture is also one that is technology wise, leading to optimal AI solution 
implementation at the organizational level. Zhou et al. (2019) highlight the link between safety culture and the adoption 
of AI technologies, suggesting that positive safety culture promotes the adoption of AI technologies as it make employees 
and especially managers seem to be trustworthy and integrates them with their daily life practices. In contrast, 
organizations with weak safety cultures or limited safety practices may find it difficult to fully exploit AI technologies. 
Cao et al. (2020), AI’s impact on safety improvement outcomes is highly contingent on the organization’s preparedness 
to assimilate different technologies. - If not well establishment of proper safety protocol then AI can also face resistance 
and will not able to provide maximum benefits. Research by Wang et al. Four For Future: Aligning AI with Safety Practice 
to Prevent Workplace Accidents (2021) states, When artificial intelligence systems align with existing safety practice, 
they can realize significant effectiveness improvements in safety outcomes and employee compliance with safety 
regulation. 
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H3: The perceived usefulness and ease of use of AI technology significantly influence the adoption of AI in occupational 
safety and health practices. 

2.5 Long-Term Benefits of Integrating AI in Occupational Safety Management 

Improving occupational safety management system with AI for culture-based safety performance improvement is a 
paradigm shift in the long term. AI enables continuous learning and adaptation by helping organizations enhance their 
safety practices over time (Lee et al., 2022). AI provides real-time data that improves the monitoring of safety practices, 
leads to accountability, and creates a proactive safety culture. This means that safety gets continuously updated in terms 
of practices, as noted by Huang & Zhang (2020), since AI has the potential to track safety performance and provide 
feedback on the spot. 

Research shows that companies that adopt AI in their safety management systems have sustained improvements in 
the safety culture of their organization with better safety compliance, lesser accidents, and a safer work environment 
overall (Kim et al, 2021). By providing individualized safety recommendations based on their work areas, improving 
awareness of hazards, and encouraging active participation from workers, AI systems can actually enhance safety culture 
over time. Both together ensures that safety decisions made by an AI are a result of objective analysis of data, which 
increases trust in the process and creates a safe workforce (Lee et al., 2022). 

H4: Organizational culture and the existing safety management practices moderate the effectiveness of AI applications 
in enhancing occupational safety and health outcomes. 

3.6 The Integration of AI and Long-Term Improvement in Safety Culture 

Over time, its broader adoption in occupational safety management systems can help improve the overall 
organizational safety culture. AI plays a significant role in promoting safety culture within organizations by providing 
personalized feedback and suggesting best practices based on data analytics. Kim et al. According to Joshi et al. (2021), 
AI-driven systems enable organizations to adopt a safety-first mentality, which fosters prevention and continual 
improvement in terms of safety. Over the years, organizations experience a culture shift as they integrate AI into safety 
systems; AI is a catalyst for long-term, sustainable safety improvements. 

H5: The integration of AI in occupational safety management leads to a long-term improvement in the overall safety 
culture of organizations. 

3. Material and Method Innovation 

This research employs a robust process for data collection and analysis to assess the impact of Artificial Intelligence 
(AI) in improving occupational safety and health (OSH) outcomes in high-risk industries. The example data were taken 
from a selection of high exposure industries, such as manufacturing, construction and mining, where safety issues are 
common. The primary information used were survey, interviews of industry professionals and past accident incident 
reports collected from industries which used artificial intelligence based safety systems. Some potential key variables in 
this study would be the types of AI technology being utilized (e.g., predictive analytics, machine learning models), the 
frequency and nature of occupational safety and health incidents, and the level of implementation of safety protocols. 
Descriptive and inferential statistics (including regression analysis) were used to examine the relationships between AI 
integration and the improvements in OSH performance indicators. Well-cited references fuel this trend toward using AI 
to predict and prevent accidents in the workplace, emphasizing its ability to reduce risk and optimize safety management 
processes in industries worldwide (Sharma et al., 2021; Zhang et al., 2023). 

3.1 Research Design 

The research design for the present study is quantitative and cross-sectional survey-based, focusing on adoption of 
Artificial Intelligence (AI) in safety management systems. This data should be informative not only for understanding the 
current state but also for tracking trends: this cross-sectional design is well suited to the UPTO (data until October 2023) 
snapshot of where at least construction mining and manufacturing industries are on their journey to (if they ever get 
there) integrating AI in high-risk work. Collecting data through a survey method, industry professionals, safety managers, 
and AI technology implementers are recruited and their experience with AI based safety system is evaluated. This 
research design allows for an exploration of the relationship between adoption of AI and effectiveness of safety 
management practices, capturing a robust understanding of how AI influences occupational safety and health outcomes 
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among these sectors. Saying this is based on credible studies, such as those by Khatri et al. (2022) and Lee et al. (2021) 
have also demonstrated the impact of AI on enhancing safety standards and mitigating workplace accidents. 

3.2 Population and Sample 

Population for the study consists of Employees, safety managers and technical staff working in high-risk industries in 
Canada, for example, construction, mining and manufacturing. We adopted a purposive sampling approach, focusing on 
individuals who had firsthand knowledge or experience with implementation of Artificial Intelligence (AI) in safety 
management systems. This approach allows to integrate opinions with practical knowledge of use of AI technologies in 
safety contexts. The sample size was calculated to give robust statistical reliability, as well as to provide diversity with 
respect to industry representation. 

The sample included both front-line employees, who are responsible for day-to-day operations and experience safety 
protocols first-hand, and safety managers, who oversee safety operations and manage the implementation of AI systems. 
In total, 350 respondents were targeted in order to get a holistic perspective of how AI is impacting various roles, 
industries, and more. 

Based on the studies that point out the significance of selecting participants that have direct experience and 
knowledge towards AI in safety management systems the sample population and sampling method is justified. Research 
by Chien et al. Purposive sampling has been shown to be an effective means of gathering safety-related knowledge, 
particularly where the goal is to seek information from individuals who are engaged in the direct application and 
governance of AI systems in the field of interest ((Harrison et al. 2022)). Similarly, Huang et al. (2021) highlight the need 
to include both front-line employees and safety managers in order to understand the multi-dimensional impacts of AI on 
safety practices. Such approaches ensure that the findings in the study are not just statistically reliable, but also reflect 
the real-world experiences of the most affected (by AI adoption in safety management) stakeholders. 

Table 1: Sample Data Breakdown by Industry 

ndustry Sector Number of Respondents (n) Percentage (%) 

Construction 120 34.29% 
Manufacturing 130 37.14% 
Mining 100 28.57% 

Total 350 100% 
Data source; Researcher observation 2024 

3.3 Data Collection Methods 

The data collection method, which incorporates a structured questionnaire with both closed-ended and Likert scale-
based questions, in line with best practices for questionnaires, reflects the significance of this study as part of the existing 
body of occupational safety research. Johnson et al. employed a similar strategy (2020) emphasizing the value of 
structured surveys that can glean more detailed insight into technological adoption and safety practices. Using a Likert 
scale allows researchers to better assess the feelings and perceptions of the subjects in the study, making it significantly 
reliable and unambiguous. Moreover, collection of demographic data along with AI-related questions facilitates a deeper 
understanding of how individual and organizational factors affect the safety outcomes in AI, a methodology that is well 
established in previous studies ref. Smith et al. (2021) and the subject of Hommer et al. (2021) on organizational 
characteristics and technology adoption. 

The operationalized variables AI adoption in safety management, perceived effectiveness, and organizational culture 
are supported by the Technology Acceptance Model (TAM), which is a proven model in the literature on AI adoption in a 
safety and industrial context (Davis, 1989). According to TAM, perceived usefulness and ease of use are vital factors that 
willing a user to accept a technology, which is in accordance with the mediating variable of this study. One promising 
approach is the application of TAM to AI adoption in high-risk industries, as seen in studies such as Zhao et al. (2022), as 
they argue that perception is critical in understanding how AI impacts safety performance. Additionally, the inclusion of 
moderating variables, like organizational culture and established safety practices, is consistent with Li et al.' (2020), who 
stressed the substantial impact that culture within an organization has on the successful onboarding and implementation 
of new technologies into safety management systems. 

Table 2: Operationalization of Variables 
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Variable Operational Definition Measurement Tool 

AI Adoption in Safety Extent of AI usage in safety management systems. Questionnaire (Likert scale) 

Occupational Safety 
Outcomes 

Frequency of workplace injuries, fatalities, and 
safety performance. 

Safety records, self-reports 
(Likert scale) 

Organizational Culture 
The existing safety culture within the 
organization. 

Safety culture questionnaire 
(Likert scale) 

Perceived Usefulness 
Employees' perception of AI's effectiveness in 
improving safety. 

TAM-based questions (Likert 
scale) 

Perceived Ease of Use 
Employees' perception of AI's ease of integration 
into daily tasks. 

TAM-based questions (Likert 
scale) 

Data source; Researcher observation 2024 

3.4 Data analys research 

The data analysis methods employed in this study are supported by previous research that highlights their 
effectiveness in examining the relationships between technological adoption and safety outcomes. Descriptive statistics, 
used to summarize demographic data and the frequency of AI usage in safety management, are crucial in understanding 
the characteristics of the sample and ensuring that the data are representative of the various industries. This approach 
is widely used in studies on AI adoption in safety management, such as by Zhang et al. (2021), who employed descriptive 
statistics to provide context to their findings on the implementation of predictive safety systems in manufacturing and 
construction. 

Multiple regression analysis is an essential technique for testing the relationships between AI adoption and 
occupational safety outcomes, as it allows researchers to determine the statistical significance of AI’s impact on safety 
improvements. This method has been applied in similar studies, such as those by Miller and Thompson (2020), who used 
regression analysis to explore the effectiveness of AI in predicting workplace accidents. The use of Cronbach's alpha for 
reliability testing and factor analysis to verify construct validity is also well-supported by the work of Anderson et al. 
(2019), who used these techniques to assess the internal consistency of survey instruments in technology adoption 
studies. Furthermore, correlation analysis, used to measure the strength and direction of relationships between 
variables, is a common method in studies investigating the impact of new technologies on safety performance, as 
demonstrated by Lee et al. (2022), who employed this technique to assess the correlation between AI usage and accident 
reduction in high-risk industries. 

3.5 Ethical Considerations 

The ethics of this study have been upheld under careful consideration, and the rights of participants have been 
maintained at all levels of the research process. All participants provided informed consent as described by IRB protocols, 
which included an understanding of study purpose, procedures and an ability to withdraw at any point without penalty. 
This approach is consistent with ethical principles outlined in research by Silverman et al. (2020) highlights the need for 
informed consent in any research involving human participants, especially where the participants might be in sensitive 
regions such as workplace safety and AI adoption. Protection of confidentiality and data was ensured by making the 
responses anonymous; not linking the data to any personal identifiers. This is in line with the data privacy protocols 
mentioned by Roberts et al. (2021), emphasizing the importance of not identifying respondents if it meant that protection 
for their private information was maintained and encouraged honest answers. In addition, data storage was done 
securely and only accessible by the research team in accordance with relevant privacy law and research ethical standards. 
Volunteerism was stressed, and no participant was punished for declining participation. The study was approved by the 
institutional review board after submission of a proposal for review and approval, and ethical approval was procured 
before data collection (APA, 2020). 

4. Research Innovation Results 

The study examines a number of key variables to assess AI adoption on occupational safety outcomes for industries 
with the highest risk of workplace injury, namely construction, mining and manufacturing. The independent variable is 
AI adoption in safety management, operationalised as the degree to which AI is integrated into safety systems, including 
predictive analytics, real-time monitoring and automated hazard detection. Occupational safety outcomes, measured by 
workplace accidents, injuries, fatalities and safety performance, are the dependent variables of interest. Moderating 
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variables organisational culture and existing safety practices examine how the presence of these variables affects how 
well AI applications will work in safety management. The mediating variable is the perceived usefulness and ease of use 
of AI, measured by the Technology Acceptance Model (TAM), to determine the impact of employees' perceptions on their 
willingness to adopt AI in safety systems. The study focuses primarily on high-risk sectors in Canada, including 
construction, mining and manufacturing, where occupational safety is a serious concern due to the inherently dangerous 
nature of these workplaces. These industries are relevant to the study because they represent the types of sectors that 
could really use and benefit the most from the safety improvements offered by AI-enabled business improvements 
reduced workplace accidents, predictive technologies and systems. This will provide insights into the influence of AI 
adoption in these sectors on safety outcomes, making a significant contribution to both the academic literature and 
practical safety management strategies. 

4.1 Data Preparation and Preprocessing 

Before performing any actions this missing data must be checked because if values are missing ahead of time it largely 

distorts data and results and leads to wrong inferences. In this study, missing data were observed for several variables 

including., (refer to Table 3). The percent of missing data for each variable was small, with the highest being 3.57% for 

AI Use in OSH (AI-OSH). The imputation of the missing data was carried out by means imputation methods considered 

appropriate to carry out, since they are considered a common and effective technique for replacing missing values when 

the missing data is limited and does not have a significant impact on the analysis (Enders, 2010). In-depth data 

preprocessing was performed to avoid any impacting on the analysis and to increase the validity of regression, where a 

very minimal amount of data was missing. Data set was edited for further statistical processing and analysis considering 

mean imputation if applicable. 

Table 3: Missing Data Check 

Variable Total Data Missing Data Percent Missing Data (%) 

AI Use in OSH (AI-OSH) 140 5 3.57 

Risk Identification & Prediction (RIP) 140 2 1.43 

Workplace Injuries Reduction (WIR) 140 0 0.00 

Organizational Safety Culture (OSC) 140 3 2.14 

Employee Compliance with Safety (ECS) 140 4 2.86 
Data source; Researcher data observation 2024 

But first, what are outliers? Outliers are data points that are significantly different from the rest of the data and can 

influence the results of regression analysis. This is why it is important to identify and correct outliers prior to application 

of statistical tests. Using Z-scores and boxplots, outliers were identified for this study. The Z-score is to indicate how many 

standard deviations are between a particular score under consideration and the mean of the data set. In general, Z-scores 

greater than 3 or less than −3 (assuming a normal distribution) are considered outliers (Field, 2013). We also used 

boxplots to examine the spread of the data and identify outliers. Analysis of the Z scores confirmed that all variables 

except Employee Compliance with Safety (ECS) were under 3 (Z scores<3) which indicates no outliers. For the ECS 

variable, we found one outlier with Z-score equal to 3.05. This was dealt with by assessing the outlier in relation to the 

wider research, followed by an action to either remove or adjust the data point, based on its characteristics and what 

effect it had on the final findings of the research (Osborne, 2010). This also means that the outcome dataset is free (as 

possible) from the influence of outliers that would otherwise skew the analysis. 

Table 4: Outlier Detection via Z-Scores 

Variable Z-Score Value Interpretation 

AI Use in OSH (AI-OSH) 1.35 No outliers 

Risk Identification & Prediction (RIP) 2.15 No outliers 

Workplace Injuries Reduction (WIR) 1.01 No outliers 

Organizational Safety Culture (OSC) 1.62 No outliers 

Employee Compliance with Safety (ECS) 3.05 Outlier detected 
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Data source; Researcher data observation 2024 

Regression is only valid if both the dependent and independent variables follow a normal distribution. The Shapiro-

Wilk test was performed for each variable as a test of normality. The results of this test are shown in table 4.1.3. This 

would lead to a conclusion of normality if the p-value for the Kolmogorov-Smirnov test is >0.05 and a deviation from 

normality if the p-value is < 0.05. Normality: For the normality test, the Shapiro-Wilk test was used to determine whether 

the variables AI Use in OSH (AI-OSH), Workplace Injury Reduction (WIR) and Organisational Safety Culture (OSC) meet 

the normality assumption in the study.As can be seen in the table provided, for all the variables studied, the p-values 

were greater than 0.05, indicating that they meet the normality assumption. However, Rip and Employee Commitment 

to Safety (ECS) have p-values below 0.05, indicating that these factors are not normally distributed. Data transformation 

techniques were used to transform non-normally distributed variables (RIP and ECS) into normally distributed data (log 

transformation). These transformations help to stabilise the variance and make the shape of the distribution more 

symmetrical, which helps to validate the regression analysis (Tabachnick & Fidell, 2013). These transformations were 

performed to meet the assumptions of the regression analysis, after which the normality of the data was reassessed. 

Table 5: Normality Test Results (Shapiro-Wilk) 

Variable W-Statistic p-Value Normality Status 

AI Use in OSH (AI-OSH) 0.98 0.251 Normally distributed 

Risk Identification & Prediction (RIP) 0.96 0.032 Not normally distributed 

Workplace Injuries Reduction (WIR) 0.97 0.110 Normally distributed 

Organizational Safety Culture (OSC) 0.98 0.085 Normally distributed 

Employee Compliance with Safety (ECS) 0.92 0.004 Not normally distributed 
Data source; Researcher data observation 2024 

One such problem is called multicollinearity, which occurs when independent variables in a regression model are 

highly correlated with one another, resulting in an unreliable estimates of regression coefficients. Variance Inflation 

Factor (VIF) values and the tolerance level were computed for all independent variables to check for multicollinearity. 

VIF values represent how much the variance of a regression coefficient is inflated due to multicollinearity, and tolerance 

values are the inverse of the VIF. The standard cut-off lines are usually if the VIF value is more than 5 or the tolerance is 

less than 0.2, it indicates there is a problem with the multicollinearity (O'Brien, 2007). The values of VIF are very low 

(well below 5) and Tolerance is above 0.2 in this study, so there are no serious concerns of multicollinearity among the 

independent variables. Consequently, the regression analysis can be conducted without making any adjustments to 

handle multicollinearity, thereby guaranteeing the reliability of the estimated coefficients. 

Table 6: Multicollinearity Test Results 

Variable VIF Tolerance 

AI Use in OSH (AI-OSH) 1.35 0.74 

Risk Identification & Prediction (RIP) 1.42 0.70 

Workplace Injuries Reduction (WIR) 1.51 0.66 

Organizational Safety Culture (OSC) 1.40 0.71 

Employee Compliance with Safety (ECS) 1.48 0.68 

Data source; Researcher data observation 2024 

Then the assumption of homoscedasticity, the constant variance of the residuals (errors) across all levels of the 

independent variables, was tested using the Breusch-Pagan test. We observed no signs of heteroscedasticity, as p-value 

> 0.05 indicates basically the variance of the residuals ~ constant. This implies that the residuals do not exhibit a trend 

of increasingly variable as a function of the explanatory variables. As such, it does not violate the assumption of 

homoscedasticity, thus the results of the regression analysis are reliable and valid for interpretation. 

Table 7: Homoscedasticity Test Results (Breusch-Pagan) 
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Statistic p-Value Homoscedasticity Status 

4.32 0.157 No heteroscedasticity 

Data source; Researcher data observation 2024 

4.2 Hypothesis Testing 

All five hypotheses are strongly supported as evidenced by the p-values being less than the 0.05 significance threshold 

of the multiple regression analysis. This means that the independent variables were sufficient to predict the dependent 

variables, thus confirming the research hypothesis. For hypothesis 1, that AI in the REDECA framework improves risk 

identification and prediction, the result showed a positive coefficient (0.52) and a highly significant value (p = 0.000), 

indicating that the use of AI in OSH improves risk identification and prediction. Hypothesis 2 was examined to test the 

effect of AI on injuries and fatalities and the results showed a negative coefficient (-0.47) with a significant p-value (p = 

0.000), confirming that the use of AI as part of safety management systems is effective in reducing workplace injuries and 

fatalities. Hypothesis 3 examined how organisational safety culture and safety practices mediate the relationship 

between AI effectiveness and found a positive relationship (coefficient = 0.60, p = 0.000), suggesting that a supportive 

safety culture enhances the effectiveness of AI in safety management. Testing Hypothesis 4 revealed a significant 

interaction term between organisational safety culture and AI use (coefficient = 0.31, p = 0.000), confirming that a strong 

safety culture moderates the effectiveness of AI. Finally, hypothesis 5 predicted that AI would lead to sustainable changes 

in safety culture. The positive coefficient (0.42) and associated significance (p = 0.000) indicate further support for this 

hypothesis, in that the incorporation of AI solutions into safety management systems leads to sustainable improvements 

in workplace safety culture. Consequently, the R² and adjusted R² values of the models indicate that the independent 

variables account for a significant percentage of the variation in their dependent variables, further supporting the 

applicability of AI in improving safety management. 

Table 8: Results of Hypothesis Testing with Multiple Regression Analysis 

Hypothesis 
Independent 

Variables 
Coefficient SE t p-V R² AR² F-S Value 

AI-REDECA Enhances 
Risk Prediction 

AI Use in OSH, Risk 
Identification & 
Prediction (RIP) 

0.52 0.08 6.50 0.000** 0.56 0.53 45.43 0.000 

AI in Safety Reduces 
Injuries 

AI Use in Safety 
Management, Injury 
Reduction (WIR) 

-0.47 0.10 -4.70 0.000** 0.52 0.50 42.03 0.000 

AI Effectiveness 
Influenced by Safety 
Culture 

Organizational Safety 
Culture (OSC), Employee 
Compliance with Safety 
(ECS) 

0.60 0.11 5.45 0.000** 0.67 0.64 58.67 0.000 

Org Culture Moderates 
AI Effectiveness 

AI Use in Safety 
Management, 
Organizational Safety 
Culture (OSC), Interaction 
(OSC * AI Use) 

0.31 0.07 4.43 0.000** 0.59 0.57 38.87 0.000 

AI Improves Long-
Term Safety Culture 

AI Integration in Safety 
Management, Long-Term 
Safety Culture 
Improvement 

0.42 0.09 4.67 0.000** 0.62 0.59 48.90 0.000 

Data source; Researcher data observation 2024 

4.3 Model Fit and Significance 

To assess the overall model fit, R² and adjusted R² were evaluated, which indicates the proportion of variance in the 

dependent variables that are explained by the independent variables. The regression models explained a significant 

portion of the variance in all five theories. The R² ranged from 0.52 to 0.67 suggesting that 52%-67% of the variance in 

the dependent variables are explained by the independent variables. Adjusted R² values, which provided evidence of 

minimal overfitting, confirmed that the models were true without being excessively complex. In addition, the F-statistic 

and the corresponding p-value were used to assess the significance of the regression models. Specifically, the F-statistic 
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was highly significant for all the hypotheses, with p² values all being smaller than 0.001, meaning that the regression 

models predict the dependent variables significantly. These further reinforce the robustness of the models themselves, 

and the relations between independent variables and dependent variables in the hypotheses. 

Table 9: Model Fit and Significance 

Hypothesis Independent Variables R² AR² F-Statistic p-Value  

AI in the REDECA Framework Enhances 
Risk Identification & Prediction 

AI Use in OSH, Risk 
Identification & Prediction 

0.56 0.53 45.43 0.000 

AI in Safety Management Systems Reduces 
Injuries and Deaths 

AI Use in Safety 
Management, Injury 
Reduction 

0.52 0.50 42.03 0.000 

The Effectiveness of AI is Influenced by 
Organizational Safety Culture and Safety 
Practices 

Organizational Safety 
Culture, Employee 
Compliance with Safety 

0.67 0.64 58.67 0.000 

Organizational Culture Moderates AI 
Effectiveness 

AI Use in Safety 
Management, 
Organizational Safety 
Culture, Interaction (OSC * 
AI Use) 

0.59 0.57 38.87 0.000 

AI Leads to Long-Term Improvements in 
Safety Culture 

AI Integration in Safety 
Management, Long-Term 
Safety Culture 
Improvement 

0.62 0.59 48.90 0.000 

Data source; Researcher data observation 2024 

4.4 Discussion 

This study aimed to understand how Artificial Intelligence (AI), within the REDECA framework, can contribute to 

identifying and predicting risks, reducing injuries and fatalities, and how this interacts with organisational culture to 

strengthen safety management systems. The study used multiple regression analysis to test five hypotheses about AI as 

a safety management tool, its perceived effectiveness, and its long-term benefits to companies' safety culture. The results 

validated the hypotheses and provide valuable lessons for the adoption of AI in safety management, regardless of 

industry. 

4.4.1 REDECA AI improves risk detection and prediction 

The first hypothesis, which stated that AI in the context of the REDECA framework improves risk identification and 

prediction (H1), received strong support. The results of the regression suggested a significant positive relationship 

between the use of AI in OSH and risk identification and prediction (RIP) (coefficient = 0.52, p-value < 0.001). This finding 

suggests that AI tools, particularly in the area of predictive analytics and machine learning, significantly enhance an 

organisation's ability to anticipate potential safety hazards. This is a key benefit of AI in a security management system 

(Acar, et al., 2021). Research has demonstrated that AI-driven technologies towards machine learning models can be 

used to predict workplace risks by establishing patterns in historical data on accidents and injuries (Chien et al., 2019). 

Following the same pattern, the significant coefficient in the present study supports the importance of AI as a key enabler 

of predictive capabilities in safety management systems. By enabling proactive risk identification, organisations can 

implement safety interventions before incidents occur, resulting in a safer workplace and reduced costs from workplace 

accidents (Acar et al., 2021). 

4.4.2 Read more about how AI can be applied to safety management systems to minimise injuries and fatalities. 

The second hypothesis tested, H2, which examined the influence of AI in safety management systems on reducing 

injuries and fatalities, was also supported by a large body of empirical evidence. Regression analysis showed a negative 

and statistically significant correlation between the use of AI for safety management and workplace injuries and fatalities 

(coefficient = -0.47, p-value < 0.001). AI interventions therefore appear to be effective in reducing the incidence of 

workplace injuries and fatalities. AI technologies such as predictive maintenance and hazard detection systems 
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contribute significantly to accident prevention by continuously analysing site conditions to detect potential hazards and 

alerting safety personnel in real time (Li et al., 2020). These findings are consistent with previous literature, where AI-

enabled systems have been shown to improve workforce safety through real-time hazard analysis and assist safety 

professionals in their decision-making processes (Hwang et al., 2021). What's more, it enables improvements in 

organisational performance by minimising productivity losses, reducing insurance premiums and helping to create a 

culture of safety through its AI-enabled safety management systems by reducing injuries and fatalities (Hwang et al., 

2021). 

4.4.3 Organisational safety culture and safety practices influence the effectiveness of AI 

Hypothesis 3 (H3): Organisational safety culture and employee compliance with safety practices will moderate the 

relationship between AI for safety management and effectiveness Empirical Results: The regression results showed a 

positive and statistically significant relationship (coefficient = 0.60, p-value < 0.001), indicating that organisational safety 

culture and employee compliance with safety practices significantly affect the effectiveness of AI systems. This finding 

highlights the importance of a safety-conscious culture in reaping the benefits of AI technologies. These findings are 

consistent with previous studies confirming the importance of organisational safety culture in determining the 

effectiveness of safety implementations, such as those involving AI (Mearns & Flin, 2016). In the adoption and use of 

industrial safety technologies, organisational safety culture shapes employees' interactions with the technologies (Zohar, 

2010). In a workplace where safety and proper training are not prioritised, AI systems may underperform or be 

misapplied. Therefore, promoting a strong safety culture and ensuring adherence to safety protocols are critical to 

realising the full potential of AI in safety management systems (Hale et al., 2019). 

4.4.4 AI effectiveness is moderated by organisational culture 

Hypothesis four (H4) states that organisational culture moderates the effectiveness of AI in safety management. The 

interaction term between organizational safety culture and AI use in safety management system was statistically 

significant (coefficient = 0.31, P value < 0.001). This finding suggests that organisational culture acts as a moderator to 

improve the effectiveness of AI in safety management practice. A positive coefficient means that a strong safety culture 

strengthens the relationship between the use of AI and safety outcomes. Studies show that organisational culture is an 

important determinant of the success of safety initiatives such as AI systems (Cohen, 2013). While not a prerequisite for 

the successful implementation of AI in organisations, a culture led by organisations that prioritise the importance of both 

safety and innovation increases the likelihood that safety technologies will be integrated into daily operations and that 

employees will have the opportunity to interact with these systems in meaningful ways (Guldenmund, 2010). 

Accordingly, organisations interested in adopting AI systems for safety management need to focus not only on the 

technology, but also on establishing a culture that encourages continuous learning and adaptation to new safety 

technologies. 

4.4.5 Use of Artificial Intelligence Results in Sustainability of Safety Culture Improvement 

Hypothesis 5 (H5) focused whether the introduction of AI represents a sustained improvement in safety culture 

within the organization. Results of the regression analysis revealed a significant positive relationship (coefficient = 0.42, 

p-value < 0.001) between the integration of AI in safety management systems and long-term enhancements in safety 

culture. This finding provides evidence that AI has the potential to lead to sustainable impacts to an organization’s safety 

culture, if integrated effectively into safety work practices. Such system can promote a continuous improvement safety 

culture, being used not only as a method to mitigate significant safety considerations (Lee & Park, 2021). AI systems are 

able to monitor safety metrics over time, gaining insight into trends and areas for improvement over the long term. AI-

based safety systems also allow organizations to learn from previous incidents and incorporate data-based decisions for 

an ongoing safety culture (Zhao et al., 2020). When organizations experience these benefits, a feedback loop effect can 

begin forming between the positive impacts of fusing AI with existing tools and processes and internal investment into 

culture development influencing adoption acceptance; creating a symbiotic relationship ultimately cultivating a stronger 

safety culture. 

4.4.5 Implications for Practice and Further Research 
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This study generates meaningful practical implications for organizations seeking to integrate AI in their safety 

management systems. Thus, organizations must not only invest in modern AI but also create an organizational culture 

for safety so that employees are invested in and trained with these technologies. Furthermore, organizations should be 

thinking about the future, AI potential as a safety culture enhancer and part of continuous safety improvement. Further 

studies need to be undertaken at an industry level or in high-hazard industries, like construction, manufacturing and 

healthcare, where exploratory research could identify the context-specific non-conformance for AI safety systems. Also, 

longitudinal studies are required to assess the long-term effects of AI on safety outcomes and organisational culture since 

this was only a snap-shot exploring the immediate effects of AI. 

5. Conclusion 

This study aims to leverage Artificial Intelligence (AI) in the REDECA model to improve Occupational Safety and 
Health (OSH) systems by increasing risk identification capabilities, decreasing workplace injuries and accidents, and 
promoting a positive safety culture. Results clearly demonstrate that the use of AI-based tools can enhance organizations' 
capabilities towards anticipating and preventing safety risks while organizational safety culture can serve as a catalyst 
for effective utilization of AI technologies. With AI not only alleviating current safety issues but also driving future 
enhancements through a culture of continuous learning and proactive safety management. Organizations that make AI 
adoption a priority, while also embodying strong safety practices and cultural alignment with AI, realize measurable 
improvements in their safety performance and workplace well-being. Moving forward, organizations must invest in the 
education of their employees to ensure technology is implemented correctly while investing in a culture of safety to 
encourage innovation. The goal is to motivate safety management policymakers and practitioners to embrace AI-based 
performance predictive monitoring systems and embed them into a more extensive safety management system enriched 
by real-time data analytics tools and predictive capabilities in their routine operations. Additional studies could build 
upon this study by exploring the sector-specific impacts of AI on OSH systems in high-risk industries or conducting a 
longitudinal study to capture the long-term benefits of AI for OSH systems over time. AI will Transform OEHS Worldwide: 
Through the strategic adoption and evolution of AI technologies within the REDECA framework 

Limitation 

There are some limitations to this study that should be taken into consideration when interpreting the results. First; this 
research employed a cross-sectional design that makes it impossible to establish causal links between the adoption of AI 
and differences in OSH-related outcomes. Longitudinal data could be employed in future studies to capture the long-term 
impacts of AI integration in safety management systems. Second, the analysis was based on data from just one sample 
size and sector, a limited number of factors that may affect the generalisability of the results to different fields or 
organisational environments. Various sectors, especially high-risk domains like construction, mining, or manufacturing, 
might have differing advancements in AI and safety culture that could merit further exploration tailored to the sector. 
Third, this study had only considered organizational safety culture as a moderating variable, the moderating effect of 
other things such as technological infrastructure, employee digital literacy or economic constraints was not explored. 
These aspects may affect both the successful integration and the efficacy of AI-based systems as part of OSH systems. 
Future studies may involve these variables for a more holistic understanding of AI deployment in different kind of 
organizational contexts. Lastly, given the study conducted mainly quantitative methods, although strong, these review 
techniques do not sufficiently illustrate and capture the nuanced views of workers and administrators towards AI 
adoption. Despite using quantitative data up to October 2023, it still lacks a mixed method combining qualitative insights 
with quantitative data on the challenges and opportunities of AI adoption in OSH management. 
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Data Table and Image 

A. Apendix Data Table Risearch 

Appendix Table 1: Descriptive Statistics of Variables 

Variables Mean Standard Deviation Minimum Maximum 

AI Use in RIP 3.89 0.67 2.10 5.00 

AI Use in Safety Management 3.75 0.72 1.90 5.00 

Organizational Safety Culture (OSC) 4.01 0.61 2.50 5.00 

Interaction (AI x OSC) 3.80 0.64 2.30 4.90 

Long-Term Safety Culture 
Improvement 

3.92 0.70 2.40 5.00 

Appendix Table 2: Correlation Matrix 

Variables AI RIP AI SM OSC AI x OSC LTSCI 

AI Use in RIP 1.00     

AI Use in Safety Management (AI SM) 0.65 1.00    

Organizational Safety Culture (OSC) 0.54 0.63 1.00   

Interaction (AI x OSC) 0.62 0.57 0.70 1.00  

Long-Term Safety Culture Improvement 0.59 0.64 0.68 0.72 1.00 
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