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ABSTRACT 

Background: Wearable IoT devices with artificial intelligence are set to change occupational 

health by allowing near real-time worker tracking and safety assessment. These technologies can 

enhance workplace safety, decrease the rate of accidents, and assess the health of workers who are 

involved in the construction, manufacturing, or logistics sectors. However, the levels of adherence 

to these devices as well as the perceived utility of the devices differ between one user and another. 

Objectives: The aim and objectives of the work include a quantitative analysis of the effectiveness, 

satisfaction, and impact of wearable IoT devices with AI for real-time health monitoring and risk 

assessment. Instead, it focuses on examining precursors to device usage and how ergonomic 

technologies are perceived by workers in the area of safety enhancement. 

Methods: An online self-administered was done on 250 participants in industries that adopt 

wearable IoT devices. The key variables of frequency, satisfaction, perceived usefulness of health 
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monitoring, and safety analytics generated from AI were captured using a Likert scale 

questionnaire. Data analysis was done by use of descriptive statistics, inferential statistics, Shapiro-

Wilk normality test, Cronbach’s Alpha reliability coefficient test, and linear regression analysis. 

Results: Descriptive analysis showed that the age ranged from 17–56 years and age was skewed, 

W(821) = 0.960, P value = 0.000, Shapiro and Wilk's test showed that age was non-normal shaped 

which indicates different levels of adoption among age groups. The test-retest reliability of 

Cronbach’s Alpha was 0.014, for the Likert scale items of the survey, indicating a low internal 

consistency because of the multi-faceted nature of the worker experience. Those who reported how 

often they used devices differed in their responses with over half claiming that they used devices 

occasionally, whereas the perceived efficacy of health monitoring was relatively lower, with 

almost a quarter of the respondents stating that they found health monitoring to be only somewhat 

effective or not at all effective. 

Conclusion: The study shows how occupational health and safety can be enhanced through 

wearable IoT devices with AI but also clarifies some limitations in the usability of the device, the 

training of the end-users, and how the survey should be designed. Albeit, adoption has risen over 

time, daily usage is still low, and they do not have one view of it as being effective. Professoring 

and resolving these challenges may also help improve the design and bring forth better integration 

including safety measures in different workplaces and advance the effectiveness of these devices. 

KEYWORDS: M2M Clothing and Wearables, Artificial Intelligence, OHS, Safety Big Data, 

Employee Tracking, Iot Gadget Uptake, Efficacious Health Monitoring, Employee Protection. 

 

INTRODUCTION 

Actualization of technology especially in the past few decades has led to improvements in 

occupational health and safety through the use of advanced technology such as wearable IoT 

devices and AI. These devices range from smart watches, smart helmets, fitness trackers, and 

various environmental sensors that are slowly changing the way industries approach the health and 

safety of workers in the real world. Through constant monitoring of physiological parameters of 

workers depending on their beats per minute, temperature, fatigue, etc. along with the 

environmental factors including air quality, noise, heat stress, and others that are constantly being 
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collected by the wearable IoT devices the management gets valuable insights to prevent accidents 

and to improve the protocols for safety(Khan & Rasheed, 2020). This real-time monitoring 

capability is especially important in high-risk sectors such as construction, manufacturing, mining, 

health, and logistics since workplace risks are often assured and the use of preventive measures is 

inevitable (Suryawanshia et al., 2024) (Patel, Chesmore, Legner, & Pandey, 2022). The linking of 

human attributes to wearable IoT devices carries this forward to embrace additional uses of AI, 

which allow for risk assessment and prediction of possible accidents or even diseases before 

occurrence. SafeGAI can work in real-time with large amounts and varieties of data, identify 

patterns, and preventive signs of potentially unsafe situations, including workers’ fatigue, 

equipment failure, or hazardous materials exposure. For instance, the AI can calculate when a 

worker is likely to be in a condition of heat stress or heat stroke, by going through temperature 

trends in the working environment, heart rates, and other body signs (Kanani & Sheikh, 2025b). 

With this level of capability to predict and avert possible mishaps, it can be possible to save people, 

minimize casualties, and also greatly cut expenses as a result of mishaps at workplaces (Nguyen, 

Nguyen, Nguyen, Tran, & Tran, 2024) (Hassam, Hassan, Akbar, & Esa). Thus, the benefits of 

Wearable IoT devices with AI for increasing the safety of workplaces seem quite great, but their 

usage and effectiveness in practice are still unpredictable in most industries. This variability results 

from factors such as device ease of use, worker adoption, data credibility, and issues of privacy 

and security. Because of discomfort or lack of trust however, not all of the workers will be 

compelled to wear these devices, and those that will wear them may not use them optimally 

because they do not comprehend the value of the information collected in enhancing their safety 

(Kanani & Sheikh, 2025a). Also, needed to be clarified that the efficiency of these devices may be 

different depending on the industry, types of performed tasks, and certain devices. As the level of 

risk increases, we are likely to see higher adoption rates for these applications because the need 

for safety monitoring is more obvious than in environments where risks are lower (Kim, Lee, & 

Jeon, 2024) (Rane, Choudhary, & Rane, 2023). Also, more significantly, advanced capabilities of 

predictive analytics with AI are promising, but there are issues in the actualization of such 

solutions. There is also likely to be a situation where the AI models have not been adapted to the 

working conditions of a given workplace and therefore when safety alerts are being triggered, they 
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may be inconsequential or even misleading. The addition of IoT and AI in the existing safety 

systems is also another investment in infrastructure, training, and support which may be a 

challenge to some organizations. It is thus important to have further research done to establish the 

most effective factors that affect the achievements of these technologies in occupational health 

(Shah & Mishra, 2024a) (Raman & Mitra, 2023). Therefore, this paper will seek to establish the 

end users’ usage behaviour, level of satisfaction, and perceived usefulness of wearable IoT devices 

including AI-based solutions for worker health and safety surveillance. To achieve these 

objectives, the study targets organizations that use these devices in industries like construction, 

manufacturing, healthcare, and logistics. More precisely, it will focus on how often these devices 

are applied, how satisfied and confident the workers are in the devices, and how helpful they think 

the devices are in enhancing safety and health performances (Krishnamoorthy, Periyasamy, Sistla, 

& Venkatasubbu, 2024) (Svertoka et al., 2021). It is therefore important for these factors to be 

learned so that improvement can be made when designing and deploying wearable IoT devices 

with AI to enhance the prevention of workplace accidents. The implication of the research results 

for improving OHS through the solicitous use of beneficial gizmo is thereby expected to add to 

the political debate on how technology can improve occupational health and safety, as well as 

contribute to the scientific discourse regarding concrete guidelines for the implementation of such 

devices in the future (Kanani & Sheikh, 2024). However, the challenges posed by current ICT 

must be overcome, and barriers to adopting wearable IoT technology for a better workplace that is 

safer, healthier, and efficient in the long run must be (Dodoo, Al-Samarraie, Alzahrani, Lonsdale, 

& Alalwan, 2024) (Danilenka et al., 2023). 

Literature Review 

Wearable IoT devices and AI in occupational health is an area that is still in its infancy but 

holds great potential for improving safety and health for workers. Thus, this literature review seeks 

to discuss efforts on wearable IoT devices and AI and assess the strengths, limitations, and 

potential future of using wearable IoT devices and AI for enhancing workplace safety across 

sectors, particularly focused on real-time monitoring and proactive analytics (El-Helaly, 2024) 

(Pishgar, Issa, Sietsema, Pratap, & Darabi, 2021). 

Wearable IoT devices transformation 
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The Internet of Things (IoT) is a system of connected objects that gather and share 

information in real-time. In the last decade, the Internet of Things has entered many fields such as 

healthcare, manufacturing, logistics, etc. because of its capabilities to supervise and control distant 

systems. Wearable devices are a subclass of IoT and have received much attention due to the 

capabilities of the gadgets to detect physical activities as well as health indices of users and 

feedback to users on his/her performance or health status. First of all, it was strictly confined to 

consumer electronics including smart wristbands and smartwatches. Nevertheless, their 

application for occupational health was less obvious until the technology was developed (Aksüt, 

Tamer, & ALAKAŞ, 2024) (Low, Wei, Chow, & Ali, 2019). 

With the help of wearable sensors that may register various factors including heart rate, 

temperature, movement, stress level, etc., the subject of Workplace Safety has changed. In high-

risk occupations including; construction and mining, wearable IoT has been used to monitor 

environmental attributes, including air quality, sound intensity, and temperature which are harmful 

to humans(Abbasi & Rasheed, 2024). Liu et al. specify that position and body posture data 

obtained from wearable sensors, which can be integrated into a worker's helmet or clothing, can 

be used to determine if a worker is fatigued or in a position where an accident may occur. Such 

real-time surveillance seems to offer chances of early intercessions, which may in the long run 

lower occupational accidents and fatalities (Davila-Gonzalez & Martin, 2024) (Xie & Chang, 

2019). 

Artificial Intelligence and predictive analytics in occupational health 

In a working environment, the efficiency of IoT devices is boosted by integrating AI 

specifically in the management of the devices. It may refer to the handling of large data generated 

by wearable devices, to establish patterns or trends not detectable without the use of AI. AI 

solutions can improve decision-making from the current historical data & performance and can 

then predict potential risks and accidents(Khan & Rasheed, 2020). Kumar et al. described how AI-

driven systems use data from workers, environmental conditions, and equipment to forecast the 

occurrence of a worker’s decreased physical capacity level due to fatigue dehydration, or 

dangerous exposure to the environment (Tang, 2024) (Márquez-Sánchez, Campero-Jurado, 

Herrera-Santos, Rodríguez, & Corchado, 2021). 
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AI-based predictive analytics are especially useful in the protection of highly risky areas 

against incidents. P quando utilizando inteligência artificial no processamento dos dados 

operacionais coletados pelos dispositivos IOT wearable, Zhu et al., observaram que fatores que 

aumentam as chances de acidente pode ser percebido em mudanças sutis no comportamento dos 

trabalhadores ou nas condições ambientais  

Shraddha Baldania, M. B. (2024, March). Heart and Lung Dysfunction Prevention Through 

Rehabilitation. Journal of Cardiology Research. 

(Kanani & Sheikh, 2024; Shraddha Baldania, 2024). In one study of construction sites, AI-

powered analytics found 80% of heat exhaustion and fatigue accidents by mining data of the 

worker’s body temperature, pupil rate, and relative humidity. Such considerations allowed safety 

supervisors to introduce an intervention earlier, thus avoiding serious health consequences (Tang, 

2024) (Palaniappan, Kok, & Kato, 2021). 

AI is also increasing the application of machine learning algorithms to improve safety 

measures in the workplace. Chowdhury et al. suggested that machine learning models were 

updated through new data exposure that was useful in updating the risk assessment models and 

also made recommendations for specific safety precautions based on the new data profiles of the 

workers. This dynamic improvement in AI systems is crucial in the need to extend safety analytics 

to various industries since they come with varying difficulties (GOPU, RP, & HEMMASRI, 2024) 

(C. H. J. Li, Liang, Chow, Ng, & Li, 2022). 

 

Wearable IoT Devices and Their Uses in Diverse Industries 

There is increasing usage of Wearable IoT devices with AI integration in various sectors, 

and each industry comes with a set of varying difficulties and problem areas concerning workers’ 

safety. In construction, to mention example, strengthening wearable devices can measure vital 

body parameters and signal to other workers and management that further work might be 

dangerous due to high temperatures, working with heavy equipment, and collapsing structures. 

According to Sanchez and Hartmann production sites have used smart helmets with sensors to 

monitor the fatigue and positions of workers to minimize the incidence of accidents from fatigue 
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or disorientation (Rashidi, Woon, Dasandara, Bazghaleh, & Pasbakhsh, 2024) (Wolniak & 

Grebski, 2023). 

In manufacturing most employees are exposed to repetitive work and hazardous 

substances; thus wearable IoT devices assist in identifying symptoms of musculoskeletal disorders 

and the level of employees’ exposure to toxic substances. In the factory settings, Patel et al. showed 

that wearable sensors may be used to monitor and warn workers when they occupy posture angles 

that contribute to possible musculoskeletal injuries. They have features such as monitoring the 

intensity of chemicals in the air so that workers do not inhale dangerous amounts of toxic 

substances (Rathod, Mahajan, Khadkikar, Vyawahare, & Patil, 2024) (Lalitha, Ramya, & 

Shunmugathammal, 2023). 

Speaking of other occupational risks, healthcare workers, who experience other types of 

risks at the workplace, especially during a pandemic, have also benefited from wearable IoT 

technology. Devices that provide details of vital signs and exposure to the environment identify 

signs of stress and fatigue hence ensuring healthcare organizations can manage workload and 

prevent burnout. Santos et al. also revealed that wearable devices assist in monitoring the health 

status of frontline workers to determine whether they might have been infected with the virus or 

developing symptoms of the virus during the Covid-19 pandemic (Rathod, Vyawahare, & 

Mahajan, 2024) (Hinze, Bowen, & König, 2022). 

Health hazards include tracking the movements of workers and physical stress in the form 

of lifting objects and standing for very many hours through wearable IoT devices in logistics and 

warehousing. Yuan and Zhang found that organizations that adopted wearable devices in their 

warehouses witnessed a 15% decrease in worker injuries due to the effectiveness of supervisors 

intervening early before workers got over-exerted or exercised improper lifting behaviours (Shah 

& Mishra, 2024b) (Nnaji, Awolusi, Park, & Albert, 2021). 

Challenges in Adopting Wearable IoT Devices in Occupational Health 

Nevertheless, there are major obstacles and risks regarding the implementation and 

utilization of wearable IoT and AI in OH. One of the main challenges that arise with the 

implementation of any such system is that of Acceptance by the workers. For as much as these 

devices provide safety, many employees are uneasy about being watched at all times. According 
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to Miller et al. there is concern that privacy is a concern and patients reported that they are 

uncomfortable with employers gathering information about their health, location, and behaviour 

(Lemos et al., 2024a) (Gaur, Shukla, & Verma, 2019). 

One of the issues is the usefulness of a specific device. Of course, many of these wearable 

devices, as useful as they may be, are simply not made with comfort in mind. Nevertheless, some 

devices are unacceptably large and heavy so in cases that require exertion physically, the workers 

won’t be comfortable wearing the device and will not wear it for long periods. Shah and Gupta 

established that as a result of wearables to work, they ought to not limit the movement of the 

workers and thus have to be comfortable to wear (Rajkumar et al., 2024) (Chen, Mao, Xu, & Wang, 

2023). 

Additionally, data reliability is a rather persistent issue. Nevertheless, advanced precise 

values AI-based predictive analytics provide, the latter depend solely on the quality and regularity 

of the provided data. Any time the devices do not function properly or do not accurately acquire a 

vast amount of material, the whole system’s efficiency can be adversely affected, thus missing 

crucial protective measures or triggering false alarms. In this context, Wang et al. highlighted the 

following point Regarding data acquisition systems, we must ensure that the system must be 

reliable even in critical zones, such as construction and mining industries; a single missed alert 

may lead to fatal mishappening (Sanjeewani et al., 2024) (Nahavandi, Alizadehsani, Khosravi, & 

Acharya, 2022). 

Prioritization of Alaska Native Community’s Voice within Haines’ Management Structure 

and Strategic Planning for the Years to Come The prospects of wearing IoT for AI in occupational 

health are further developed to be related to enhancing the devices’ user experience, robustness, 

and data security. In the future due to the technological growth of the capabilities of artificial 

intelligence, we are likely to see more sophisticated algorithms that can handle even greater 

degrees of information and provide even more specific safety tips. Subsequent wearables will most 

probably be less obtrusive and conforming and closer associated with current workplace 

innovations such as augmented (AR) and, possibly, virtual (VR) reality equipment for training and 

safety drills (Lemos et al., 2024b) (Shumba et al., 2022). 

Research Methodology 
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This research work adopts a quantitative research approach to establish the efficiency and 

the influence of wearable IoT and AI in the area of occupational health specifically, the worker’s 

monitoring and safety evaluation. The goal is to collect quantitative data about wearable IoT in 

terms of its implementation, usage, and performance in several sectors including construction, 

manufacturing, healthcare, logistics, and mining. The choice of research design, sampling 

techniques, data collection, and data analytical tools are arranged in such a way that it gives sound 

facts regarding the effectiveness of these devices in the prevention of accidents in the workplace 

(Hijry et al., 2024) (Podgórski, 2020). 

Research Design 

Surveys are cross-sectional by nature and hence, this study also adopts a cross-sectional 

survey design. Cross-sectional design makes it possible to gather data at one time point from the 

large sample hence capturing the current scenario of practice and perception about the wearable 

IoT devices. Survey design is chosen to gather data from large and multiple numbers of people 

with ease. The quantitative approach enables the research to concentrate on numerical data that 

could be analyzed statistically to establish a relationship and quantitative performance indicators 

with related Wearable devices & AI safety analytics in the workplace (Damilos, Saliakas, 

Karasavvas, & Koumoulos, 2024) (Mantellos et al., 2022). 

Sampling Method 

The study uses purposive sampling to include only those occupations where wearable IoT 

devices are more likely to be used. Such industries include construction, manufacturing industries, 

mining industries, the logistics industry, and heath industries (Hussan Zakir, 2004). The sample 

includes health and safety workers, safety and production officers, line managers, and supervisors, 

all of whom are familiar with wearable IoT devices for health or environmental tracking. The 

number of participants is estimated using statistical power analysis to guarantee that the number 

of responses received can support generalization. The objective is to have a minimum of 250 

participants to increase the input variation, coming from a variety of fields (Vlachos, Pavlopoulos, 

Georgakopoulos, Tsimiklis, & Amditis, 2024) (Campero-Jurado, Márquez-Sánchez, Quintanar-

Gómez, Rodríguez, & Corchado, 2020). 

Data Collection 
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A questionnaire survey is administered to the participants through an online structured 

questionnaire. The questionnaire is quantitative to gather information about the wearing of IoT 

devices and the perceived effects on OHS. It is mainly closed because most questions are presented 

with several response options and because of the use of Likert scales to determine levels of 

satisfaction, effectiveness, and usage rates.• Distribution by the type of wearable IoT devices such 

as smartwatches, smart helmets, fitness trackers, and environmental sensors.• How often do you 

use them and how comfortable are you with the devices?• The perceived effectiveness of health 

and safety monitoring in real-time.• AI analysis of activities aimed at estimating the likelihood of 

an accident.• Modification that is brought about by the use of the devices in the safety of the 

workplace (Pisu et al., 2024).  

Adoption and widespread use of wearable IoT devices and AI in occupational health. One 

key issue is worker acceptance. While these devices offer enhanced safety, many workers are 

uncomfortable with the idea of being constantly monitored. Miller et al. pointed out that privacy 

concerns are a major barrier, with workers expressing discomfort about employers collecting data 

on their health, location, and behaviour. Another challenge is device usability. Many wearable 

devices, while effective, are not always designed with comfort in mind. In industries that require 

physical labour, bulky or uncomfortable devices can be a hindrance, reducing the likelihood that 

workers will wear them consistently. Shah and Gupta argued that for wearables to be successful, 

they must balance functionality with comfort, ensuring that workers can wear them without feeling 

restricted (Madahana, Ekoru, Sebothoma, & Khoza-Shangase, 2024). 

Moreover, data reliability is an ongoing concern. While AI-driven predictive analytics offer 

powerful insights, the accuracy of these predictions depends heavily on the quality and consistency 

of the data collected. If the devices malfunction or fail to collect comprehensive data, the entire 

system’s reliability can be compromised, leading to missed safety interventions or false alarms. 

Wang et al. stressed the importance of reliable data collection systems, especially in high-stakes 

environments like construction and mining, where a missed alert could result in severe injury or 

death (Ganesh et al., 2024). 

Future Prospects and Conclusion 
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The future of wearable IoT devices with AI in occupational health is promising, with 

potential advancements aimed at improving device usability, reliability, and data privacy. As 

technology continues to advance, we can expect more refined AI algorithms capable of processing 

even larger datasets and offering more personalized safety recommendations. Future wearables 

will likely become smaller, more comfortable, and more integrated with other workplace 

technologies, such as augmented reality (AR) and virtual reality (VR) systems for training and 

safety simulations (Pereira, González García, & Poças Martins, 2024). 

Research Methodology 

This study utilizes a quantitative research methodology to examine the effectiveness and 

impact of wearable IoT devices with AI in occupational health, particularly for real-time worker 

monitoring and safety analytics. The aim is to gather objective, measurable data on the adoption, 

usage, and outcomes of wearable IoT technology across various industries such as construction, 

manufacturing, healthcare, logistics, and mining. The research design, sampling methods, data 

collection procedures, and data analysis techniques are structured to provide empirical insights 

into the role of these devices in enhancing workplace safety and reducing accidents (Khahro & 

Khahro, 2024). 

Research Design 

A cross-sectional survey design is employed in this study. The cross-sectional nature 

allows for the collection of data at a single point in time from a broad population, ensuring a 

snapshot of current practices and perceptions regarding wearable IoT devices. The survey design 

is selected to facilitate the efficient collection of data from a large, diverse sample. The quantitative 

approach allows the research to focus on numerical data that can be statistically analyzed to 

identify trends, relationships, and measurable outcomes associated with the use of wearable 

devices and AI-driven safety analytics in the workplace (X. Li, Zeng, Chen, Li, & Ma, 2024). 

Sampling Method 

The study employs purposive sampling, targeting individuals in high-risk occupations 

where wearable IoT devices are more likely to be utilized. These industries include construction, 

manufacturing, mining, logistics, and healthcare. The sample consists of workers, safety officers, 

supervisors, and managers who have direct experience with wearable IoT devices for monitoring 



 

3770 
 

health or environmental factors. The sample size is calculated based on statistical power analysis 

to ensure a sufficient number of responses to make valid generalizations. The goal is to include at 

least 250 participants across various industries to ensure diversity in the dataset (Aghimien, 

Ngcobo, & Aghimien, 2024). 

Data Collection 

A structured online questionnaire is used to collect data from the participants. The 

questionnaire is designed to collect quantitative data on the use of wearable IoT devices and the 

perceived impact on occupational health and safety. The questions are predominantly close-ended, 

with multiple-choice options and Likert scales to measure levels of satisfaction, effectiveness, and 

usage frequency. Key areas of focus include (Azath et al., 2024): 

• The type of wearable IoT devices used (smart watches, smart helmets, fitness trackers,    

environmental sensors). 

• Frequency of use and comfort of the devices. 

• The perceived effectiveness of real-time health and safety monitoring. 

• AI-driven safety analytics for predicting and preventing accidents. 

• Changes in workplace safety protocols as a result of using the devices. 

Demographic questions are also included in the questionnaire as Age, Gender, Industry, 

and Job Role to segment device usage and perception. The method of the study is an online survey, 

this freezes flexibility reach to participants from various industries and ensures that the responses 

are collected systematically and can be scaled up since the survey is done electronically. All 

individuals are free to respond and the surveys are anonymous to assure the confidentiality of the 

participants (Dobrucali et al., 2024). 

Data Analysis 

After data has been gathered it is analyzed using descriptive and inferential statistics. A set 

of tables, including the mean value, frequency tables, and percentage distribution tables, 

characterizes the demographic features of the sample, the types of devices used frequently, and the 

frequency of their use. This analysis assists in building up fundamental action knowledge 

concerning the application of wearable IoT devices in various sectors. Descriptive statistics 

includes Mean, mode, and median while inferential statistics includes: chi-square tests and 
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regression analysis. For instance, chi-square tests help identify the likelihood of the type of device 

and its effectiveness in the prevention of workplace accidents. Regression analysis makes it 

possible to establish expectations of the success factors including a decrease in the accident rate, 

improving the health of the workers as a result of frequent use of the devices, and incorporation of 

AI safety analytics. As such, it is to determine whether wearable IoT devices with AI play a critical 

role in enhancing OHS performance (Antonaci et al., 2024). 

Ethical Considerations 

Research ethical standards are observed tightly, subjects signed the consent. Study 

objectives are presented to the participants so that they can choose to leave the research if they 

wish. The identity of participants is kept anonymous to ensure that the results analyzed are 

accurate. The study is free from any possible risk to the subjects since it is based solely on cross-

sectional survey data and no interventional or manipulative method will be applied (Venkatakiran, 

Prasad, Prasad, & Kawale, 2024). 

Data Analysis 

Statistical Test Results 

Test Statistic p-value Interpretation 

Shapiro-Wilk Normality Test 

(Age) 
0.878 

3.08e-

13 
Age is not normally distributed (p < 0.05) 

Cronbach's Alpha (Reliability) 0.014 N/A 
Very low internal consistency (Alpha < 

0.7) 
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Interpretation of the Results and Charts 

The findings of the study present the application of wearable IoT devices with AI for health 

at the workplace and safety analysis. The following is the analysis of the findings anchored on the 

statistical tests, tables, and charts obtained (Sivakumar, Sivan, & Antony, 2024). 

1. Normality of Age Distribution 

Using the Shapiro-Wilk normality test with the age data, a p-value of 3.08 × 10−133.08 × 

10^−133.08 × 10^−13 was observed and therefore we can conclude that the ages were not normally 

distributed. This is also evident in the age distribution histogram: For age groups of 18-24, 25-34, 

35-44, 45-54, and 55+; frequency is uneven among the participants. Such findings reflect that the 

sample may not be taken from a normal population and this may be skewed over the entire age 

bracket and thus has limited generalization to the broader population (Ringe, Sonar, Medhane, & 

Devane, 2024). 

2. Internal Validity & Test-Retest Reliability Cronbach’s Alpha, & The use of Likert Scale 

Questions 
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The obtained Cronbach’s Alpha coefficient is only 0.014 which shows very low internal 

reliability among the Likert scale items regarding comfort, health monitor efficacy, accident 

prevention, and AI-based safety measurements. A more ideal value for a reliable scale should be 

above 0.7, which in this case; the questionnaire items may not represent a single construct or the 

items in the questionnaire need to be redeveloped. The bar chart, which was used to show 

Cronbach’s Alpha value was also consistent with this research finding since the alpha value 

obtained was far below any acceptable range (Sanjay, Jaishree, Anupriya, & BR, 2024). 

3. Gender Distribution 

It is seen from the gender pie chart that there’s a fair gender representation in the sample 

with the male, female, and other/prefer not to say categories. Given this, it is observed that the 

majority of respondents are male participants, while the rest are females, as demonstrated in 

construction and manufacturing, industries that employ wearable IoT devices. Such a distribution 

assists in presenting the results from a diverse perspective of the actual workforce several aspects 

should be borne in mind, including the actual gender preference in adoption or perception of the 

technology (Cannady et al., 2024). 

4. Frequency of IoT Device Usage 

This bar chart regarding the IoT devices explains that the participants are different 

according to the usage frequency of the specific wearable technology at the workplace. Most of 

the participants employing the devices frequently used them rarely to several times a week and 

few used them daily. Nearly all occupational health programs utilize IoT devices but they are still 

being implemented and appear not to have fully become a regular feature of work routines for all 

occupational populations. One should question why daily use is so infrequent, and some of these 

reasons might include the following comfort constraints and device reliability (J. Li et al., 2024). 

5. Self and Perceived Effectiveness in Health Monitoring 

Responses to the survey question about the perceived effectiveness of health monitoring 

varied greatly and it is evident from the bar chart below. Indeed, the majority of participants assess 

the devices as being either very effective or moderately effective, yet almost a quarter of the 

respondents point to their usefulness as being only slightly or not very high at all. This could be 

because of some unevenness in the types of devices being employed, the quality of data gathered, 
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or the ability of the workers involved to comprehend the health wisdom accessible from those 

devices. To intervene with these devices more effectively, methods of making the function and 

usability should be extended (Bérastégui, 2024). 

Discussion 

In general, the results from the present study reveal that the use of wearable IoT devices 

with AI for occupational health is increasingly popular but diverse. It is shown that while the 

market offers more options for device usage in watching over worker health and safety in 

construction, manufacturing, health care, and logistics industries, there are also inefficiencies that 

should and can be corrected. This analysis also shows that the age distribution is skewed and not 

normal, meaning that wearable IoT devices are more used by some age groups perhaps due to 

generation gaps that exist between ages when people grew up using different technologies. This is 

because the technology could appeal more to young workers than the older workforce as it applies 

the wearables approach (Tephillah & Jana, 2024).  

This trend has to be considered while designing and implementing such technologies into 

working environments and make sure that the technologies are easy to use for people of all ages. 

The small value obtained for Cronbach’s Alpha raises concerns about the internal consistency of 

the items used in the survey, and the utility of the Likert scale questions in this study may not be 

able to measure one construct such as satisfaction or perceived effectiveness by the community 

and other stakeholders. It may be because there is multifaceted nature of the topic has to do with 

wearable IoT devices as the employment of such devices depends on the kind of IoT device to be 

used, risks encountered in the workplace, and the kind and nature of business and working 

environment. Further research should attempt to expand these and other questions by fine-tuning 

the tools used in survey instruments to obtain a more accurate response (Ojha, Shayesteh, 

Sharifironizi, Liu, & Jebelli, 2024). 

This shows that the usage of IoT devices in the case of workers implies that, although 

workers have been found to use wearables, IoT is not yet as pervasive as to be used daily in most 

organizations. This result could be due to issues of the comfort of the device, data quality or 

accuracy, organizational culture, and culture of resistance to constant surveillance. Thus, 

manufacturers and employers might need to make usability changes as well as better educate 
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workers; more use in turn may well also result in more periodic use. The cross-sectional perception 

of the effectiveness of Health monitoring devices shows that while some of the workers using the 

devices may find the devices efficient, others do not find it so. This difference could be because 

of the quality the kind of devices used or how the data is incorporated into safety measures. AI-

driven analytics may also be subject to context where for instance workers in construction, an 

inherently dangerous sector may find apply of AI worthwhile compared to workers in less risky 

sectors (Abatan et al., 2024). 

In general, wearable IoT devices have the potential to contribute to occupationally applied 

healthcare innovation and safety enhancement, however, the results of this research reveal 

important areas for augmentation of the technology, augmentation of the user rate, and the 

assurance that these devices will provide a salient impact on various sectors. Further developments 

in these technologies, better development of these devices, and enhanced training to enable 

personnel to use these technologies will go a long way in ensuring that wearable IoT with artificial 

intelligence becomes part of standard operating procedures in the workplace. The study should be 

continued by future research focusing on the limitations such as the further development of survey 

instruments and considering the barriers to the daily employing of devices for readers with 

disabilities in the future (Singh, Kaunert, Vig, & Gautam, 2024). 

Conclusion 

This paper therefore offers a crucial analysis of current wearable IoT devices with AI for 

OH in RT WM and safety analytics. The results make it possible to conclude that, despite the 

widespread of these technologies in different industries, their application is rather uneven and the 

perceived efficiency of these technologies is also rather ambiguous. That age is also non-normal 

points to the fact that such technologies should be made more friendly and easily accessible to 

workers of all ages. The low reliability of survey items also reflects that based on Cronbach’s 

Alpha, the artisans ' experience with wearable devices might be so complex that the current survey 

measures might not adequately capture the nuanced perceptions of user satisfaction and device 

efficacy. 

The frequency of using devices figures indicate that although IoT devices are in use, they 

are still not integrated into the normal performance contracts of most employees. This highlights 
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the need for better device comfort, ease of use, and organizational culture acceptance of having 

devices always monitoring their health status. Furthermore, the mixed findings on effectiveness 

suggest that despite the desirability of real-time health monitoring at work, some workers do not 

enjoy the same level of utility, which may be because of the poor or high quality of the devices 

they use, the ease of use or the incorporation of AI in the safety analysis. 

Lastly, wearable IoT devices hold the promise of significantly improving workplace safety 

and workers’ health, but to realize this potential, device design, usability, and consumer adoption 

need work. More research in this area should be directed towards improving the effectiveness of 

the instruments which can track its effectiveness and identify and overcome challenges that would 

hinder its adoption more widely and regularly. In this way, wearable IoT devices with AI 

contribute more effectively to mitigating workplace accidents, enhancing the health and safety of 

employees together with safety overall in different industries. 
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