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Abstract

:

Job automation and associated psychosocial hazards are emerging workplace challenges. This study examined the trends in work conditions and associations with workers’ health over time in jobs with different automation probabilities. We utilized data from six waves of national questionnaire surveys of randomly selected 95,762 employees between 2001 and 2016. The Job Content Questionnaire, the Copenhagen Burnout Inventory, and the Self-Rated Health Scale were applied, and working time was self-reported. Automation probability was derived for 38 occupations and then categorized into three groups. Trends in work conditions and the associations between automation probability, work conditions and health were examined. We observed a 7% decrease in high automation probability jobs, an overall increase in job demands for and prevalence of shift work, and a decrease in job control. Workers with high automation probability jobs had low job demands, low job control and high job insecurity. Low automation probability was associated with burnout in logistic regression models. The odds ratio of job insecurity, long working hours, and shift work relating to health was higher in the later years of the surveys. In conclusion, there has been a decrease in high automation probability jobs. Workers employed in jobs with different levels of automation probability encountered different work condition challenges.
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1. Introduction


Large scale epidemiological studies have tested models and established associations between adverse psychosocial work conditions and stress-related health [1]. Numerous studies have also examined changes in psychosocial work conditions, and some of them have indicated deteriorating trends in work quality over time. For instance, studies from western societies have reported rising precarious employment [2,3], increasing work demands, decreasing job control [4,5,6,7] and increasing prevalence of long working hours and irregular work shift [8]. Cheng and her colleagues have documented deteriorating trends in psychosocial work conditions among general workers in Taiwan during the period from 2001 to 2010, including a rising prevalence of long working hours and shift work and increasing trends in reduced job control levels [9]. On the contrary, some studies have indicated improvement in psychosocial work conditions. For example, a study from Denmark showed improvement in job security, job control and work shift arrangements and decline in low-skilled jobs between 1990 and 2000 [10], and a study from Canada showed improvement in workplace support, job security, regular work shifts, working hours and work demands during the period from 2002 to 2012 [11]. However, while the rise of automation in the workplace has been a worldwide phenomenon, few studies have been carried out to examine the trend in job automation probability and how such a trend might affect employment and workers’ psychosocial health risks.



Automation is eminent in Taiwan as well as in many other East Asian countries where labor-intensive manufacturing industries conglomerate. According to a report by the International Federation of Robotics, Taiwan ranks as the 10th most automated country in the world, with a robot installation rate increasing by 26% per year between 2012 and 2017 [12]. There are pros and cons of job automation. On the one hand, automation could help improve work efficiency and reduce workers’ exposure to unsafe or unpleasant work conditions. On the other hand, automation has the capability to decimate low-skilled jobs by replacing humans with robots, especially in regions with rising labor costs [13].



With regard to the assessment of automation probability, the measure developed by Frey and Osborne has been widely cited [14]. The scale was constructed to measure automation probability for each occupation based on three dimensions, including the degree of utilizing perceptive and manipulative abilities, the degree of creativity, and the level of social intelligence. These three dimensions were assessed by nine variables, which are thought to be the bottlenecks to automation, namely: finger dexterity, manual dexterity, cramped work space and awkward positions, originality, fine arts, social perceptiveness, negotiation, persuasion, and assisting and caring for others. Using this measure, Patel et al. found that USA workers in jobs with higher automation probability had greater job insecurity, which in turn was associated with poorer health [15]. This study supported the hypothesis that expectations of unemployment and reduced wages brought about by work automation increase workers’ perception of job insecurity. Reciprocally, a Norwegian study observed that employees with poor health were more likely to lose jobs due to job automation [16]. However, in these studies psychosocial conditions at work were not investigated, and their relationship with job automation has not been not examined.



Job automation is expected to replace human labor in routine tasks and increase job insecurity and workers’ psychological health risks. Yet, to our knowledge, the impacts of automation on employment and workers’ health risks have rarely been studied in East Asian working populations, and psychosocial work conditions have not been considered in this relationship. In this study, we utilized data from six waves of national surveys over 15 years and derived automation probability for each occupation based on the methods developed by Frey and Osborne. The aims of this study were to examine: (1) changes in work and health conditions by the level of automation probability over time, and (2) associations between automation probability and workers’ health status by survey year. As the negative impacts of automation on workers’ health have been increasingly noticed, we hypothesized that work and health conditions in jobs with high automation probability might deteriorate and the associations of job automation probability with workers’ health might be stronger in more recent years.




2. Methods


2.1. Study Populations


The Ministry of Labor of Taiwan has conducted nationwide surveys of the working population every 3–5 years since 1988 to understand safety and health conditions in the workplace. For each survey, participants were selected through a two-stage random sampling process. In the first stage, all districts and villages throughout Taiwan were grouped into strata according to their levels of urbanization. A random sample of districts and villages was chosen from each stratum. In the second stage, a random sample of households was selected within each district or village, and residents of the sampled households who were employed at the time of the survey were identified and invited to participate. Subjects who were not economically active were not eligible. Self-administered questionnaires were delivered to the selected households by trained interviewers. After one week, completed questionnaires were collected and on-site inspection was performed by the same interviewer. The response rates for the six waves of survey were 82%, 81%, 86%, 87%, 89%, and 78%, respectively. In this study, we utilized survey data collected in 2001, 2004, 2007, 2010, 2013, and 2016. We excluded employers, the self-employed, and people aged <25 or >65 years. A total of 95,762 participants were included in the study and it was carried out following the rules of the Declaration of Helsinki.




2.2. Measurements


Frey and Osborne derived automation probabilities for 702 occupations classified by the Standard Occupational Classification (SOC) of the United States Department of Labor [14]. In our study, participants’ occupations were coded and classified into 38 occupational groups according to the sixth edition of the Standard Occupational Classification by the Taiwan Ministry of Labor. This classification corresponds to the International Standard Classification of Occupations (ISCO-08) two-digit major and sub-major groups. For each of these occupational groups, an average automation probability was derived by matching the ICSO-08 occupational classification with the SOC. Occupations were then ranked and categorized into terciles of high, median and low automation probability groups.



Study participants were asked to provide information regarding their total working hours one week prior to the survey. These working hours were categorized into three groups: ≤40, 41–48, and >48 h per week. We defined long weekly working hours as >48 h per week. Participants self-reported their work time arrangement, with a response chosen from fixed work shift, rotating work shift and irregular work shift. Those who chose fixed shift were further asked if they worked in the late evening or nighttime. Shift work was defined as having a work shift other than fixed daytime work.



Job control and psychosocial job demands were assessed using the validated Chinese version of the Job Content Questionnaire (JCQ) based on the job strain model by Karasek and Theorell [17,18]. Due to the space limitation of the questionnaire, items were selected from the JCQ, and this measurement of job control and job demands with partial items has been proven to be valid [19]. Four items (work is fast, work is hectic, work is hard, must concentrate on the job for a long time) from the original five-item questionnaire for the demands scale and a seven-item subscale (learning new things, non-repetitive work, creative work, various tasks, can develop one’s abilities, freedom to make decisions, opinion is influential) from the original nine-item questionnaire for the control scale were included in the questionnaires in year 2004, 2007, 2013, and 2016. The items were listed as a statement with the response recorded on a four-point Likert scale ranging from 1 (strongly disagree) to 4 (strongly agree). The internal consistency for the seven-item job control scale and four-item demands scale were acceptable for 2004 (standardized Cronbach’s α = 0.75 and 0.74, respectively), 2007 (standardized Cronbach’s α = 0.72 and 0.73, respectively), 2013 (standardized Cronbach’s α = 0.70 and 0.79, respectively), and 2016 (standardized Cronbach’s α = 0.73 and 0.83, respectively) surveys. The mean scores for job control and demands were then ranked and divided into terciles (low, medium and high). One item for job insecurity (“my job is secure”) was assessed using a four-point Likert scale and its response was coded dichotomously (agree/disagree). Age, gender, and educational level were also included in the self-reported questionnaire.



Two health outcomes were assessed by the questionnaire. Self-rated health (SRH) is a composite indicator for universal dimensions of health and has been found to predict mortality [20]. SRH was assessed by a single-item question, “In general, how is your health?”, which had five possible answers: “very good”, “good”, “moderate”, “poor” and “very poor”. In this study, the responses were dichotomized into poor SRH (poor or very poor) or good SRH (very good, good, or moderate). Burnout is conceptualized as an affective reaction to prolonged work stress [21] and has been found to be associated with sickness absence, physical diseases and mental illnesses [22,23,24]. Burnout status was assessed by the five-item scale for personal burnout from the Copenhagen Burnout Inventory [25], which has been validated and used worldwide [26,27,28,29] to evaluate employees’ health status related to long-term involvement in emotionally demanding work [30]. The responses for five items were recorded on a five-point scale: “always” (score 100), “often” (75), “at times” (50), “not often” (25), and “never” (0), and a mean score >50 was classified as having burnout. However, the burnout scale was not included in the questionnaires used for the surveys of 2001 and 2010.




2.3. Statistical Analysis


Age, gender, educational level, work conditions and health indicators were examined for each of the job automation probability group by survey years. A linear-by-linear association test and general linear models were used to examine the trend of categorical variables and continuous variables of work conditions, respectively, over the studied period. Trend analysis was performed with IBM SPSS Statistics for Windows, Version 24.0 (Armonk, NY, USA). Logistic regression analysis was used to examine the associations between job automation probability and health, adjusting for work conditions for 2004, 2007, 2013, and 2016 separately. SAS 9.4 (SAS Institute, Cary, NC, USA) was used for the analyses. The significance level was set at p < 0.001.





3. Results


Table 1 shows the demographic characteristics of the three automation probability groups. Common job types of the high automation probability group were machine operators, assemblers, salespersons and metal operators; common job types of the medium automation probability group were business and administrative associates, construction workers and vehicle operators; and common job types of the low automation probability group were professionals and higher education teachers. Women and less educated workers were more prevalent in the high automation probability group as compared to those in the medium and low automation probability groups.



As shown in Figure 1, the percentage of workers with high automation probability jobs decreased by 7.2% (from 45.64% to 38.48%), while those with medium automation probability jobs increased by 7.4% (from 36.26% to 43.67%) over the studied period (details shown in the Supplementary Table S1). Overall, the average age of workers over the studied period increased by 3.3 years and the percentage of female workers increased by 2.7%. In trend analysis, we found significantly decreased total working hours and percentage of job insecurity, poor SRH and burnout, but increased percentage of long working hours (>48 per week) and shift work, and decreased job control scores (please refer to data shown in the Supplementary Table S1).



Figure 2 shows that working hours decreased slightly in all of the three groups, but the decrease was most prominent in workers with high automation probability jobs. However, trend analysis showed the number of workers with long working hours significantly increased in high and low probability groups. Overall, the percentage of shift workers increased by 6.8%, and the increase was most prominent in workers with low probability jobs, in which the percentage doubled from 10.33% in 2000 to 20.95% in 2016. Between 2004 and 2016, the average job demand scores increased significantly in low automation probability jobs, but no significant trend was observed in workers with median and high automation probability jobs. Job control scores decreased steadily and significantly in all the three groups. A significant trend of decreasing job insecurity was observed in the high and median probability groups but not in the low automation probability group.



As to health outcome, the percentage of workers who reported poor SRH significantly decreased in workers with low and high automation probability jobs, and the percentage of workers who reported burnout significantly decreased in all groups but remained higher in the low probability group than in the other two groups.



Multiple logistic regression models showed that, as compared with workers with low automation probability jobs, those with high automation probability jobs had higher risks of poor SRH in 2016 (Table 2) and had lower risks of burnout in all the survey years (Table 3). High job demands and job insecurity were associated with poor SRH and burnout in all the survey years. The odds ratio of long working hours for burnout increased over the survey years (from 1.09 to 1.76). Job insecurity was associated with poor SRH and the odds ratio increased from 2004 to 2016 (1.76 and 2.25, respectively).




4. Discussion


This is the first study to examine the trend in psychosocial work conditions and worker’s health over the past 15 years according to automation probability. We observed a significant decrease in high automation probability jobs. Workers in low automation probability jobs reported doubled shift work prevalence, decreased job control, and increased job demands. High automation probability jobs were associated with poor self-rated health while low probability jobs were associated with burnout. The odds ratio of job insecurity for poor health, and long working hours for burnout, increased over the study period.



Studies from both the European Union and the United States indicated that there had been a reallocation of middling manufacturing and routine office workers into either low-paid service occupations or high-paid professionals and managers in recent years, a process known as job polarization [31,32]. Yet our findings indicated that in Taiwan employment in high automation probability jobs had shrunk. However, while the growth of high-skilled jobs was observed in other studies, we did not observe an increase in low automation probability occupations. Such an inconsistency might be explained by the existence of a skill barrier or educational gap, barring low-skilled workers from moving upward to high-skilled jobs. This could also be explained by a mismatch between skills demanded in the labor market and skills acquired through higher education in Taiwan, as the rapid expansion of higher education has not contributed to industrial upgrading and greater demands for a high-skilled workforce, but has instead led to greater uncertainty in wage prospects [33]. The stagnation of growth in the high-skilled workforce could also be a result of labor market globalization, as observed in Latin American countries [34]. In the context of job automation, labor market globalization, job content changes, continuous on-site training of employees, and education renovation according to the demands of the workforce market are needed.



In addition, this study showed that psychosocial work conditions had deteriorated over time in all of the three automation probability groups, as working hours had decreased only minimally, but the prevalence of workers with prolonged working hours and non-standard work shifts had increased and the level of psychosocial job demands had increased substantially. Furthermore, deteriorating trends appeared to be more apparent in the low automation probability group, with the prevalence of shift work increased by two-fold. These findings suggested that while high automation probability jobs were likely to be decimated and replaced by robots, those with low automation probability jobs could also be affected in the process of technological innovation. One of the possibilities of such trends is the emergence of emotional aspects of psychological job demands, which are more prevalent in jobs involving more human interactions. These psychosocial stressors, including psychological and verbal violence [35], emotional demands and role conflicts originating from the interactions with clients [36,37], correspond closely to one of the three constructs of automation probability, i.e., the use of social intelligence. The development of an information-based economy may also contribute to the sharp increase in short-duration shift work and round-the-clock service, especially in human service sectors [38].



Another novel finding of the present study was that, along with a slight decrease in average working hours, the prevalence of workers with prolonged working hours had increased and the associations of prolonged working hours with poor health and burnout had become greater over time. These observations suggested a polarizing distribution of working hours, which was also observed in Taiwan [9] and in the United States [39]. Long working hours are known to contribute to work stress and stress-related health risks. Nevertheless, it is worth noticing that long working hours per se may not necessarily be associated with adverse health risks, because workers’ motives and self-control in working hours arrangement may differ greatly by social context [40,41]. The increasing association between long working hours and burnout over time may also be explained by these changes in social context including perceived economic uncertainty and social norms of ideal worker type or ideal working hours.



However, high automation probability jobs were associated with poor SRH only in 2016 but not in earlier surveys. We also observed an increase in the prevalence of poor SRH after 2010 among employees with high and median automation probability jobs. These findings were probably due to a selection effect as workers with ill health were more likely to have drifted to insecure and low-skilled jobs in more recent years. Poor health was found to be a predicting factor for working in high automation probability jobs in a Norwegian study [16]. It can also be anticipated that along with the trends in job automation, workers with poor health are exposed to an additional risk of job insecurity and unemployment. It is worth noticing that in our study job insecurity was found to have an increasing odds ratio for poor SRH over time, while workers in high automation probability jobs reported the highest percentage of job insecurity. The overall improvement of SRH and burnout scores in our study may also be a result of healthy worker selection on a larger scale, while workers with existing health problems had difficulties in staying active in the labor market.



This study has several limitations. First, although all the six waves of surveys consisted of a representative sample of employees, these participants were independently recruited for each survey and were not followed in succeeding surveys. Therefore, participants who had left work or the labor market due to health problems were not considered. This may contribute to a healthy worker effect leading to a healthier working population and attenuated associations between adverse work conditions and poor health in later years. Other unobserved changes in characteristics of workers in each occupational group may also lead to selection bias. Secondly, the automation probability of jobs may not be the same in the United States as in Taiwan. The skills needed in specific jobs and the level of automation in specific industries differ worldwide. Furthermore, we had access only to the first two digits of occupational code of the classification system for each participant; therefore, the averaged automation probability for two-digit occupational groups from the probability estimated for six-digit occupations by Frey ad Osborne [14] may not be representative for the identified 38 occupational groups. Furthermore, heterogeneity in each of the 38 occupational groups has been neglected. For example, salespersons were classified as a high-automation probability job, but the requirement for social perceptiveness, negotiation, and persuasion differs between different types of salesperson. The survey participants did not include foreign workers, and studies concerning work conditions and health and safety of foreign workers were limited to occupational injuries [42]. Nevertheless, a substantial proportion of foreign workers worked in the service sector, e.g., as caregivers [43]. Future studies should include the growing foreign worker population. Thirdly, health conditions and work characteristics measurements were based on self-report and were subject to recall bias or social desirability bias.




5. Conclusions


The findings of this study showed that jobs with high automation probability had decreased over the studied period, and workers employed in jobs with different levels of automation probability encountered different types of psychosocial work hazards and health risk. For workers whose employment is vulnerable to automation, employment policies should be improved to ensure continuous on-job training and skill development according to the demands of the workforce market. Along with the trend towards automation, social policies should also be improved to ensure more equal distribution of economic gains, in order to protect workers whose health status makes them less competitive in the current labor market.



Furthermore, the fact that all workers are likely to be affected by the trend towards job automation deserves further investigation. Especially for workers who have to engage in intense social interactions with clients, workplace policies should be developed to reduce the impacts of emotional demands and human-machine interactions on workers’ burnout. For instance, abundant studies have found that an increase in job resources and work engagement help attenuate burnout [44,45,46,47], and an improvement in organizational psychosocial climate has been found to help decrease modern psychosocial stressors and negative health consequences [48,49,50]. The increasing demand for shift workers should also be reexamined, and extremely irregular or long/short shift work contracts should be regulated by the government. Economic studies are needed to seek a balance between 24-h service utility and the cost to shift workers’ health. The increasing association between long working hours and burnout over time may have reflected a changing social norm of work-life balance. With higher working hours compared to other industrialized countries, the organizational culture of overtime work should be challenged in Taiwan.








Supplementary Materials


The following are available online at https://www.mdpi.com/1660-4601/17/15/5499/s1, Table S1: Description of demographic characteristics, work conditions, and health indicators of workers from 2001 to 2016, stratified by automation probability of jobs. P value for trend analysis tests were shown.





Author Contributions


Conceptualization, W.-J.C.; Formal Analysis, L.-C.P.; Writing—Original Draft Preparation, W.-J.C.; Writing—Review & Editing, W.-J.C., T.K., and Y.C.; Supervision, Y.C.; Funding Acquisition, W.-J.C. All authors have read and agreed to the published version of the manuscript.




Funding


This study was supported by the Ministry of Science and Technology, Taiwan [Grant number MOST 107-2314-B-039-063-MY3], and China Medical University Hospital [grant number DMR-109-247]. The funder had no role in the study design, the collection, analysis and interpretation of the data, the writing of the report, or the decision to submit the paper for publication.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Vaananen, A.; Anttila, E.; Turtiainen, J.; Varje, P. Formulation of work stress in 1960–2000: Analysis of scientific works from the perspective of historical sociology. Soc. Sci. Med. 2012, 75, 784–794. [Google Scholar] [CrossRef] [PubMed]

	



Quinlan, M.; Mayhew, C.; Bohle, P. The global expansion of precarious employment, work disorganization, and consequences for occupational health: A review of recent research. Int. J. Health Serv. 2001, 31, 335–414. [Google Scholar] [CrossRef] [PubMed]

	



Landsbergis, P.A. The changing organization of work and the safety and health of working people: A commentary. J. Occup. Environ. Med. 2003, 45, 61–72. [Google Scholar] [CrossRef] [PubMed]

	



Pejtersen, J.H.; Kristensen, T.S. The development of the psychosocial work environment in Denmark from 1997 to 2005. Scand. J. Work Environ. Health 2009, 35, 284–293. [Google Scholar] [CrossRef]

	



Handel, M.J. Trends in Perceived Job Quality, 1989 to 1998. Work Occup. 2005, 32, 66–94. [Google Scholar] [CrossRef]

	



Bond, J.T.; Galinsky, E.; Swanberg, J.E. The National Study of the Changing Workforce, 1997; Families and Work Institute: New York, NY, USA, 1998.

	



Clark, A.E. Your Money or Your Life: Changing Job Quality in OECD Countries. Br. J. Ind. Relat. 2005, 43, 377–400. [Google Scholar] [CrossRef]

	



Smith, P.; Morassaei, S.; Mustard, C. Examining changes in reported work conditions in Quebec, Ontario and Saskatchewan between 1994 and 2003-05. Can. J. Public Health 2011, 102, 127–132. [Google Scholar] [CrossRef]

	



Cheng, Y.; Chen, I.S.; Burr, H.; Chen, C.J.; Chiang, T.L. Changes in psychosocial work conditions in Taiwanese employees by gender and age from 2001 to 2010. J. Occup. Health 2014, 55, 323–332. [Google Scholar] [CrossRef]

	



Burr, H.; Bjorner, J.B.; Kristensen, T.S.; Tuchsen, F.; Bach, E. Trends in the Danish work environment in 1990-2000 and their associations with labor-force changes. Scand. J. Work Environ. Health 2003, 29, 270–279. [Google Scholar] [CrossRef]

	



Fan, J.K.; Smith, P.M. Self-reported work conditions in Canada: Examining changes between 2002 and 2012. Can. J. Public Health 2018, 109, 882–890. [Google Scholar] [CrossRef]

	



International Federation of Robotics. Executive Summary World Robotics 2018 Industrial Robots; International Federation of Robotics: Frankfurt, Germany, 2018; Available online: https://ifr.org/downloads/press2018/Executive_Summary_WR_Service_Robots_2018.pdf (accessed on 30 October 2018).

	



Murashov, V.; Hearl, F.; Howard, J. Working safely with robot workers: Recommendations for the new workplace. J. Occup Environ. Hyg 2016, 13, 61–71. [Google Scholar] [CrossRef] [PubMed]

	



Frey, C.B.; Osborne, M.A. The future of employment: How susceptible are jobs to computerisation? Technol. Forecast. Soc. 2017, 114, 254–280. [Google Scholar] [CrossRef]

	



Patel, P.C.; Devaraj, S.; Hicks, M.J.; Wornell, E.J. County-level job automation risk and health: Evidence from the United States. Soc. Sci. Med. 2018, 202, 54–60. [Google Scholar] [CrossRef]

	



Hessel, P.; Christiansen, S.; Skirbekk, V. Poor health as a potential risk factor for job loss due to automation: The case of Norway. Occup. Environ. Med. 2018, 75, 227–230. [Google Scholar] [CrossRef] [PubMed]

	



Karasek, R.; Theorell, T. Healthy Work: Stress, Productivity, and the Reconstruction of Working Life; Basic Books: New York, NY, USA, 1990. [Google Scholar]

	



Cheng, Y.; Luh, W.M.; Guo, Y.L. Reliability and validity of the Chinese version of the Job Content Questionnaire in Taiwanese workers. Int. J. Behav. Med. 2003, 10, 15–30. [Google Scholar] [CrossRef]

	



Fransson, E.I.; Nyberg, S.T.; Heikkila, K.; Alfredsson, L.; Bacquer de, D.; Batty, G.D.; Bonenfant, S.; Casini, A.; Clays, E.; Goldberg, M.; et al. Comparison of alternative versions of the job demand-control scales in 17 European cohort studies: The IPD-Work consortium. BMC Public Health 2012, 12, 62. [Google Scholar] [CrossRef]

	



Singh-Manoux, A.; Gueguen, A.; Martikainen, P.; Ferrie, J.; Marmot, M.; Shipley, M. Self-rated health and mortality: Short- and long-term associations in the Whitehall II study. Psychosom. Med. 2007, 69, 138–143. [Google Scholar] [CrossRef]

	



Shirom, A. Burnout and health: Expanding our knowledge. Stress Health 2009, 25, 281–285. [Google Scholar] [CrossRef]

	



Chiu, L.Y.; Stewart, K.; Woo, C.; Yatham, L.N.; Lam, R.W. The relationship between burnout and depressive symptoms in patients with depressive disorders. J. Affect. Disord. 2015, 172, 361–366. [Google Scholar] [CrossRef]

	



Honkonen, T.; Ahola, K.; Pertovaara, M.; Isometsa, E.; Kalimo, R.; Nykyri, E.; Aromaa, A.; Lonnqvist, J. The association between burnout and physical illness in the general population--results from the Finnish Health 2000 Study. J. Psychosom. Res. 2006, 61, 59–66. [Google Scholar] [CrossRef]

	



Ahola, K.; Kivimaki, M.; Honkonen, T.; Virtanen, M.; Koskinen, S.; Vahtera, J.; Lonnqvist, J. Occupational burnout and medically certified sickness absence: A population-based study of Finnish employees. J. Psychosom. Res. 2008, 64, 185–193. [Google Scholar] [CrossRef] [PubMed]

	



Yeh, W.Y.; Cheng, Y.; Chen, C.J.; Hu, P.Y.; Kristensen, T.S. Psychometric properties of the Chinese version of Copenhagen burnout inventory among employees in two companies in Taiwan. Int. J. Behav. Med. 2007, 14, 126–133. [Google Scholar] [CrossRef] [PubMed]

	



Sestili, C.; Scalingi, S.; Cianfanelli, S.; Mannocci, A.; Del Cimmuto, A.; De Sio, S.; Chiarini, M.; Di Muzio, M.; Villari, P.; De Giusti, M.; et al. Reliability and Use of Copenhagen Burnout Inventory in Italian Sample of University Professors. Int. J. Environ. Res. Public Health 2018, 15, 1708. [Google Scholar] [CrossRef] [PubMed]

	



Molinero Ruiz, E.; Basart Gomez-Quintero, H.; Moncada Lluis, S. Validation of the Copenhagen Burnout Inventory to assess professional burnout in Spain. Rev. Esp. Salud. Publica 2013, 87, 165–179. [Google Scholar] [CrossRef] [PubMed]

	



Mahmoudi, S.; Atashzadeh-Shoorideh, F.; Rassouli, M.; Moslemi, A.; Pishgooie, A.H.; Azimi, H. Translation and Psychometric Properties of the Copenhagen Burnout Inventory in Iranian Nurses. Iran. J. Nurs. Midwifery Res. 2017, 22, 117–122. [Google Scholar] [CrossRef] [PubMed]

	



Lapa, T.; Carvalho, S.; Viana, J.; Ferreira, P.L.; Pinto-Gouveia, J.; Cabete, A.B. Development and Evaluation of a Global Burnout Index Derived from the Use of the Copenhagen Burnout Inventory in Portuguese Physicians. Acta Med. Port. 2018, 31, 534–541. [Google Scholar] [CrossRef] [PubMed]

	



Schaufeli, W.B.; Greenglass, E.R. Introduction to special issue on burnout and health. Psychol. Health 2001, 16, 501–510. [Google Scholar] [CrossRef]

	



Autor, D.H.; Dorn, D. The growth of low-skilled service jobs and the polarization of the US labor market. Am. Econ. Rev. 2013, 103, 1553–1597. [Google Scholar] [CrossRef]

	



Goos, M.; Manning, A.; Salomons, A. Recent Changes in the European Employment Structure: The Roles of Technology and Globalization. 2009. (Online Document, Unpublished). Available online: https://www.semanticscholar.org/paper/Recent-changes-in-the-European-employment-the-roles-Goos-Manning/8f36affa8c2154e6ec69072b357ad8262cd80e2c (accessed on 30 October 2018).

	



Chan, S.-J.; Lin, L.-W. Massification of higher education in Taiwan: Shifting pressure from admission to employment. High. Educ. Policy 2015, 28, 17–33. [Google Scholar] [CrossRef]

	



Labonte, R.; Schrecker, T. Globalization and social determinants of health: The role of the global marketplace (part 2 of 3). Glob. Health 2007, 3, 6. [Google Scholar] [CrossRef]

	



Pien, L.C.; Cheng, Y.; Cheng, W.J. Internal workplace violence from colleagues is more strongly associated with poor health outcomes in nurses than violence from patients and families. J. Adv. Nurs. 2019, 75, 793–800. [Google Scholar] [CrossRef] [PubMed]

	



Cocker, F.; Joss, N. Compassion Fatigue among Healthcare, Emergency and Community Service Workers: A Systematic Review. Int. J. Environ. Res. Public Health 2016, 13, 618. [Google Scholar] [CrossRef] [PubMed]

	



Harker, R.; Pidgeon, A.M.; Klaassen, F.; King, S. Exploring resilience and mindfulness as preventative factors for psychological distress burnout and secondary traumatic stress among human service professionals. Work 2016, 54, 631–637. [Google Scholar] [CrossRef] [PubMed]

	



Tucker, P.; Folkard, S. Working Time, Health and Safety: A Research Synthesis Paper; International Labour Office: Geneva, Switzerland, 2012.

	



Johnson, J.V.; Lipscomb, J. Long working hours, occupational health and the changing nature of work organization. Am. J. Ind. Med. 2006, 49, 921–929. [Google Scholar] [CrossRef] [PubMed]

	



Drago, R.; Wooden, M.; Black, D. Long Work Hours: Volunteers and Conscripts. Br. J. Ind. Relat. 2009, 47, 571–600. [Google Scholar] [CrossRef]

	



Cheng, W.J.; Pien, L.C.; Cheng, Y. Differential effects of employment grade on the association between long working hours and problem drinking. Am. J. Ind. Med. 2019, 62, 404–411. [Google Scholar] [CrossRef]

	



Chang, H.C.; Wang, M.C.; Liao, H.C.; Cheng, S.F.; Wang, Y.H. Hazard Prevention Regarding Occupational Accidents Involving Blue-Collar Foreign Workers: A Perspective of Taiwanese Manpower Agencies. Int. J. Environ. Res. Public Health 2016, 13, 706. [Google Scholar] [CrossRef]

	



Chiao, C.Y.; Schepp, K.G. The impact of foreign caregiving on depression among older people in Taiwan: Model testing. J. Adv. Nurs. 2012, 68, 1090–1099. [Google Scholar] [CrossRef]

	



Van den Broeck, A.; Elst, T.V.; Baillien, E.; Sercu, M.; Schouteden, M.; De Witte, H.; Godderis, L. Job Demands, Job Resources, Burnout, Work Engagement, and Their Relationships: An Analysis Across Sectors. J. Occup. Environ. Med. 2017, 59, 369–376. [Google Scholar] [CrossRef]

	



Garcia-Sierra, R.; Fernandez-Castro, J.; Martinez-Zaragoza, F. Relationship between job demand and burnout in nurses: Does it depend on work engagement? J. Nurs. Manag. 2016, 24, 780–788. [Google Scholar] [CrossRef]

	



Hu, Q.; Schaufeli, W.B.; Taris, T.W. How are changes in exposure to job demands and job resources related to burnout and engagement? A longitudinal study among Chinese nurses and police officers. Stress Health 2017, 33, 631–644. [Google Scholar] [CrossRef]

	



Hakanen, J.J.; Seppala, P.; Peeters, M.C.W. High Job Demands, Still Engaged and Not Burned Out? The Role of Job Crafting. Int. J. Behav. Med. 2017, 24, 619–627. [Google Scholar] [CrossRef] [PubMed]

	



Pien, L.C.; Cheng, Y.; Cheng, W.J. Psychosocial safety climate, workplace violence and self-rated health: A multi-level study among hospital nurses. J. Nurs. Manag. 2018, 27, 584–591. [Google Scholar] [CrossRef] [PubMed]

	



Zadow, A.J.; Dollard, M.F.; McLinton, S.S.; Lawrence, P.; Tuckey, M.R. Psychosocial safety climate, emotional exhaustion, and work injuries in healthcare workplaces. Stress Health 2017, 33, 558–569. [Google Scholar] [CrossRef] [PubMed]

	



Hall, G.B.; Dollard, M.F.; Winefield, A.H.; Dormann, C.; Bakker, A.B. Psychosocial safety climate buffers effects of job demands on depression and positive organizational behaviors. Anxiety Stress Coping 2013, 26, 355–377. [Google Scholar] [CrossRef] [PubMed]








[image: Ijerph 17 05499 g001 550] 





Figure 1. Temporal trends in number of workers in three levels of automation probability jobs. Number of participants in the six waves of survey were 14,691, 15,288, 17,042, 17,263, 16,530, and 14,948, respectively. 
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Figure 2. Temporal trends in work conditions, poor self-rated health, and burnout stratified by three levels of job automation probability. 
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Table 1. Demographic characteristics of employees of high, median, and low automation probability jobs in all six waves of survey (n = 95,762).
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	High Automation Probability Jobs

(n of Jobs = 13, n of Workers = 41,199)
	Median Automation Probability Jobs

(n of Jobs = 13, n of Workers = 36,705)
	Low Automation Probability Jobs

(n of Jobs = 12, n of Workers = 17,858)





	Examples of Jobs
	Machine operator and assemblers (23%)

Salespersons (14%)

Metal operators and preparers (13%)
	Business and administrative associates (29%)

Construction workers (12%)

Vehicle operators (12%)
	Science and engineer professionals (25%)

Higher education teachers (18%)

Medical service professionals (14%)



	Age (years)
	39.74 ± 9.83
	40.51 ± 9.86
	39.66 ± 9 ± 46



	Gender (Female)
	57.62%
	27.53%
	42.03%



	Education
	
	
	



	Primary Education
	10.96%
	8.42%
	0.55%



	Secondary Education
	72.33%
	72.79%
	31.30%



	University and Above
	16.71%
	18.80%
	68.14%
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Table 2. Odds ratio and 95% confidence interval (95% CI) for poor self-rated health in the survey years, n = 15,288, 17,042, 16,530, and 14,948, respectively.
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2004 (Case = 608)

	
2007 (Case = 544)

	
2013 (Case = 576)

	
2016 (Case = 618)




	

	
OR (95% CI)

	
OR (95% CI)

	
OR (95% CI)

	
OR (95% CI)






	
Age >55

	
1.26 (0.87, 1.83)

	
1.91 (1.43, 2.54) *

	
1.91 (1.51, 2.41) *

	
1.80 (1.45, 2.24) *




	
Gender (reference: female)

	
1.11 (0.93, 1.32)

	
1.07 (0.89, 1.29)

	
1.05 (0.89, 1.25)

	
1.09 (0.92, 1.28)




	
Automation probability

	

	

	

	




	
Low

	
1

	
1

	
1

	
1




	
Median

	
0.84 (0.66, 1.07)

	
1.06 (0.81, 1.40)

	
1.09 (0.84, 1.42)

	
1.45 (1.10, 1.91) *




	
High

	
0.91 (0.72, 1.16)

	
1.11 (0.85, 1.46)

	
0.92 (0.70, 1.21)

	
1.34 (1.01, 1.77) *




	
Working hours

	

	

	

	




	
≤40

	
1

	
1

	
1

	
1




	
40 < hours ≤ 48

	
0.79 (0.66, 0.95) *

	
0.69 (0.52, 0.92) *

	
0.86 (0.70, 1.05)

	
0.92 (0.75, 1.12)




	
>48

	
1.03 (0.79, 1.33)

	
0.90 (0.63, 1.25)

	
1.20 (0.95, 1.52)

	
1.38 (1.09, 1.76) *




	
Shift work

	
1.16 (0.95, 1.41)

	
1.22 (0.99, 1.50)

	
1.42 (1.17, 1.73) *

	
1.41 (1.17, 1.69) *




	
Job demand

	

	

	

	




	
Low

	
1

	
1

	
1

	
1




	
Median

	
1.22 (0.95, 1.57)

	
0.99 (0.77, 1.29)

	
1.18 (0.90, 1.55)

	
0.98 (0.73, 1.31)




	
High

	
1.94 (1.60, 2.35) *

	
1.48 (1.22, 1.79) *

	
2.01 (1.67, 2.43) *

	
1.98 (1.64, 2.39) *




	
Job Control

	

	

	

	




	
High

	
1

	
1

	
1

	
1




	
Median

	
1.25 (1.00, 1.56) *

	
1.18 (0.93, 1.49)

	
1.55 (1.22, 1.97) *

	
1.33 (1.05, 1.69) *




	
Low

	
1.05 (0.86, 1.29)

	
1.06 (0.85, 1.32)

	
1.03 (0.82, 1.31)

	
1.18 (0.93, 1.48)




	
Job insecurity

	
1.76 (1.46, 2.11) *

	
1.89 (1.56, 2.30) *

	
1.92 (1.59, 2.33) *

	
2.25 (1.88, 2.70) *








* p < 0.001.
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Table 3. Odds ratio and 95% confidence interval (95% CI) for burnout in the survey years, n = 15,288, 17,042, 16,530, and 14,948, respectively.






Table 3. Odds ratio and 95% confidence interval (95% CI) for burnout in the survey years, n = 15,288, 17,042, 16,530, and 14,948, respectively.





	

	
2004 (Case = 2341)

	
2007 (Case = 2399)

	
2013 (Case = 1910)

	
2016 (Case = 1854)




	

	
OR (95% CI)

	
OR (95% CI)

	
OR (95% CI)

	
OR (95% CI)






	
Age >55

	
0.70 (0.54, 0.92) *

	
0.77 (0.62, 0.96) *

	
0.92 (0.77, 1.11)

	
1.00 (0.84, 1.18)




	
Gender (reference: female)

	
1.56 (1.42, 1.72) *

	
1.49 (1.36, 1.64) *

	
1.45 (1.31, 1.60) *

	
1.43 (1.29, 1.59) *




	
Automation probability

	

	

	

	




	
Low

	
1

	
1

	
1

	
1




	
Median

	
0.85 (0.75, 0.97) *

	
0.82 (0.72, 0.93) *

	
0.91 (0.79, 1.04)

	
0.83 (0.72, 0.96) *




	
High

	
0.83 (0.73, 0.95) *

	
0.82 (0.72, 0.93) *

	
0.77 (0.66, 0.89) *

	
0.7 (0.68, 0.92) *




	
Working hours

	

	

	

	




	
≤40

	
1

	
1

	
1

	
1




	
40 < hours ≤ 48

	
0.93 (0.84, 1.02)

	
1.02 (0.85, 1.22)

	
1.09 (0.98, 1.23)

	
1.03 (0.91, 1.16)




	
>48

	
1.09 (0.95, 1.27)

	
1.22 (1.00, 1.50) *

	
1.31 (1.14, 1.51) *

	
1.76 (1.52, 2.03) *




	
Shift work

	
1.19 (1.06, 1.33) *

	
1.33 (1.20, 1.48) *

	
1.24 (1.10, 1.40) *

	
1.29 (1.15, 1.45) *




	
Job demand

	

	

	

	




	
Low

	
1

	
1

	
1

	
1




	
Median

	
1.93 (1.66, 2.23) *

	
1.81 (1.57, 2.08) *

	
1.96 (1.66, 2.31) *

	
1.98 (1.65, 2.38) *




	
High

	
4.09 (3.65, 4.60) *

	
3.50 (3.13, 3.90) *

	
4.19 (3.71, 4.74) *

	
4.47 (3.90, 5.12) *




	
Job Control

	

	

	

	




	
High

	
1

	
1

	
1

	
1




	
Median

	
0.79 (0.70, 0.90) *

	
0.99 (0.87, 1.12)

	
1.04 (0.91, 1.20)

	
0.89 (0.78, 1.03)




	
Low

	
0.87 (0.78, 0.97) *

	
1.04 (0.93, 1.16)

	
1.04 (0.91, 1.17)

	
0.96 (0.85, 1.09)




	
Job insecurity

	
1.89 (1.71, 2.09) *

	
1.63 (1.48, 1.80) *

	
1.54 (1.38, 1.71) *

	
1.80 (1.62, 2.00) *








* p < 0.001.
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