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Abstract 

 

Automation transforms work at a rapid pace, with gradually increasing shares of the workforce at risk of being replaced 

by machines. However, little is known about how this risk is affecting workers. In this study, we examine the relationship 

between exposure to high automation risk at work and both subjective (self-reported health, anxiety, and health 

satisfaction) and objective (healthcare use and sickness absence) health outcomes of workers in Germany. We base our 

analysis on survey data from the German Socio-Economic Panel (SOEP) and administrative data from the Occupational 

Panel for Germany (2013-2022). Employing panel regression, we demonstrate that for workers, exposure to high 

automation risk at the occupational level is associated with lower self-reported health and health satisfaction, as well as 

increased sickness absence. No significant effects are observed for anxiety and healthcare use. Our heterogeneity analysis 

reveals only minor variations in the effects across several demographic and occupational characteristics. We also conduct 

multiple robustness checks (i.e., alternative model specifications and risk measures with different thresholds), with the 

results remaining largely consistent with our main findings. 
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1. Introduction 

Automation transforms labor markets, leaving workers at risk of being displaced by robots or 

artificial intelligence (AI). For instance, the share of jobs at high automation risk has been 

estimated at 9% across the OECD countries, with peak values of around 12% observed for Austria, 

Germany, and Spain (Arntz et al., 2016). However, not all workers face the same level of risk, as 

automation tends to 'polarize' labor markets by increasing employment of high- and low-skilled 

workers to the detriment of the medium-skilled segment (Goos et al., 2014; Dengler and Matthes, 

2018; Frey and Osborne, 2017). The latter group is overrepresented in occupations with a high 

prevalence of routine tasks, which are more susceptible to replacement by digital technologies in 

the future (Autor et al., 2003). 

The social consequences of automation, particularly the risk of displacement due to automation, 

remain poorly understood. In contrast, the economic impacts of automation have been extensively 

studied over the past two decades, revealing associations with total factor productivity and labor 

productivity (Graetz and Michaels, 2018; Kromann et al., 2020), wage inequality (Vannutelli et 

al., 2022; Fossen and Sorgner, 2022; Martins-Neto et al., 2024), and occupational shifts (Frey and 

Osborne, 2017; Balsmeier and Woerter, 2019). Recent research has linked automation and the risk 

of displacement due to automation to psychological well-being and mental health outcomes (e.g., 

Lordan and Stringer, 2022; Zhao et al., 2022; Blasco et al., 2022; Giuntella et al., 2023), but the 

findings remain country-specific and inconclusive. For instance, earlier studies for Germany 

provided mixed evidence on the mental health outcomes of robot exposure, indicating that more 

investigations are needed in this area (Gihleb et al., 2022; Abeliansky et al., 2024). 

This study aims to contribute to the growing body of literature on the 'social costs' of technological 

change by estimating the relationship between exposure to high automation risk at work on both 

subjective (self-reported health, anxiety, and health satisfaction) and objective (healthcare use and 

sickness absence) health outcomes of workers in Germany. We conduct a longitudinal analysis on 

survey data from the German Socio-Economic Panel (SOEP) combined with administrative data 

from the Occupational Panel for Germany (2013-2022). The SOEP contains detailed individual 

life course trajectories, as well as information on employment and various health-related 

indicators. The Occupational Panel provides country-specific estimates of the share of routine 

tasks in occupations, which serve as a proxy for our automation risk measure. We validate our 
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baseline findings through several robustness checks, including alternative model specifications, 

modified automation risk measures, and a heterogeneity analysis based on various demographic 

and occupational characteristics. 

Germany presents a particularly compelling case for studying the social outcomes of automation 

risk. As a leading force in technology adoption within Europe, it plays a pivotal role in shaping 

the region's response to automation. In 2022, the German stock of installed industrial robots 

accounted for 415 units per 10,000 employees, compared to the EU average of 208 units, making 

Germany the leading robot market in Europe (Müller, 2023). In addition, its economy is heavily 

reliant on the industrial sector, which has traditionally been dominated by a high proportion of 

automatable, routine-intensive occupations. In 2023, manufacturing accounted for 20.4% of the 

gross value added generated in the German economy, compared to the EU average of 16.4% 

(Federal Statistical Office, 2024). These economic conditions, alongside other specific factors such 

as its aging population and a rigid certificate-based employment system that creates obstacles to 

occupational mobility, suggest that the social outcomes of automation, and of the risk of being 

displaced due to automation, may be especially pronounced in the German context. 

We contribute to the literature in several ways. First, most of the existing evidence on automation 

risk defined at the occupational (job) level comes from the US, whereas European studies primarily 

focus on sectoral-level robot exposure. We fill this gap by adopting a country-specific task-based 

measure of automation risk (proxied by the share of routine tasks in an occupation) proposed by 

Dengler et al. (2014) for the German labor market. To the best of our knowledge, this is the first 

study that has applied this measure to the context of health and well-being in Germany. Second, 

we enrich the existing evidence by incorporating objective health outcomes – specifically 

healthcare use and sickness absence at work due to the respondent’s own illness – alongside the 

standard subjective health indicators commonly used in previous studies. Third, we conduct a 

heterogeneity analysis based on various demographic and occupational characteristics that reflect 

particular aspects of German society and the labor market. It is worth noting that our study 

leverages the longitudinal nature of our dataset, whereas much of the previous research is based 

on cross-sectional designs. Finally, we address the question of what share of routine tasks in an 

occupation might be sufficient to show a significant association with the health outcomes of the 

workforce in Germany (test for a dose-response relationship). 
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2. Background 

2.1. Automation in the workplace: a conceptual framework 

Automation, as a multidimensional phenomenon, reflects a complex interplay among economic, 

technological, and social factors and can therefore be measured through various methodological 

approaches. Recent literature linking automation to workers’ health and well-being outcomes 

primarily captures this phenomenon through three well-established objective proxies: robot 

adoption, computerization probabilities, and routine task intensity (RTI). There exist only a few 

studies dealing with workers’ self-reported exposure to automation in the workplace; however, 

this approach remains relatively uncommon, mainly due to the absence of relevant data in national 

labor force surveys. 

The first objective measure, robot intensity (also referred to as exposure, adoption, or penetration), 

is based on statistics compiled by the International Federation of Robotics (IFR) and represents 

the actual level of automation measured at the sectoral or company level. In contrast, two other 

objective indicators are more abstract, measure exposure to automation (or automation risk), and 

are defined at the occupational or job level. 

The second measure, computerization probabilities introduced by Frey and Osborne (2017), relied 

on data from an online service O*NET (2010) developed for the US Department of Labor. O*NET 

(2010) provides information on US occupations with respect to the knowledge, skills, and abilities 

they require and the variety of tasks they involve. By mixing expert opinions with advanced 

estimation algorithms, the authors computed the probabilities of computerization (displacement) 

for the US occupations. Finally, the third measure, routine task intensity (RTI), is based on the 

distribution of different types of tasks within an occupation, and defines occupations with a high 

concentration of routine cognitive and routine manual tasks as being more susceptible to 

automation (Autor and Dorn, 2013). 

2.2. Previous evidence on health-related outcomes of automation 

The US studies often referred to the computerization probabilities of Frey and Osborne (2017), 

and mainly found a negative effect of automation risk on workers’ health outcomes. For instance, 

Patel et al. (2018) showed that workers employed in occupations with a higher automation risk are 

worse off in terms of their general, physical, and mental health. Nazareno and Schiff (2021) 
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reported that higher automation risk is associated with decreasing levels of health and job stress. 

Finally, Liu (2023) found that an increase in the computerization score and higher software and 

robot exposure are related to a deterioration in self-reported health. 

There are a few non-US studies that also relied on the computerization probabilities of Frey and 

Osborne (2017) and the assumption that the skills required to perform certain jobs are similar in 

the US and in the countries these studies focused on. For instance, Cheng et al. (2020) showed that 

in Taiwan, employment in highly automatable jobs is associated with an increased risk of work-

related injuries and illnesses. For the UK, Zheng et al. (2024) found a negative association between 

automation risk and life satisfaction among middle-aged workers (30 to 49 years old). 

The robot intensity measure is also used in the US context and has driven most of the evidence 

from the European studies, although the latter has been rather mixed and country-specific. For 

instance, Gunadi and Ryu (2021) found for the US that an increase in robot exposure is associated 

with a reduction in the share of low-skilled individuals reporting poor health (due to a reduction 

in physical tasks), work disability, and quitting a job in the past for health reasons. O’Brien et al. 

(2022) provided evidence for the US that the predicted increase in industrial robots per 1,000 

workers is positively related to all-cause mortality among the population aged 45-54 and among 

women aged 20-29 (mainly due to increases in drug overdose deaths, suicide, homicide, and 

cardiovascular mortality). 

In a comparative study of the US and Germany, Gihleb et al. (2022) investigated the relationship 

between industrial robot adoption and workers’ safety, health, and well-being. The authors 

reported that in the US, increased automation was associated with reduced work-related injury 

rates (with the results mainly driven by manufacturing firms), a worsening of mental health, higher 

drug- and alcohol-related mortality, and an increase in the number of days during the previous 

month when respondents felt mentally unwell. In Germany, an increase in robot adoption was 

associated with a decline in the risk of reporting any disability; however, no significant effects on 

high psychological burden or life satisfaction were found. In contrast, Abeliansky et al. (2024) 

provided evidence that higher robot intensity was associated with a mild deterioration in mental 

health in Germany: a 1% increase in robot intensity corresponded to a 0.0047-point decline in the 

mental health index of an average worker. 
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Yang et al. (2022), conversely, reported that in China, an increase in robot intensity was associated 

with a significant improvement in workers’ mental health outcomes. However, Zhao et al. (2022), 

using a sample of 137 countries over the 2005-2018 period, showed that increases in the annual 

stock of industrial robots and the yearly number of AI-related publications were negatively related 

to both the current and future well-being of workers, as proxied by self-reported life satisfaction. 

To the best of our knowledge, the only existing study applying the routine task intensity (RTI) 

measure of automation risk in the context of health reported that in Australia, having a highly 

automatable job (the top third of the employment-weighted distribution of RTI across occupations) 

was negatively associated with physical health and bodily pain, positively associated with vitality 

and satisfaction with free time, and had no effect on overall mental health or life satisfaction in the 

pooled sample (Lordan and Stringer, 2022). 

Finally, a few studies based on self-reported exposure to automation at work provided evidence 

that a higher exposure was associated with an increase in major depressive episodes or generalized 

anxiety disorder among French workers (Blasco et al., 2022) and with a deterioration in life 

satisfaction in Germany, but had no effect on mental health, anxiety, or depression (Giuntella et 

al., 2023). 

To sum up, previous research on workers’ health and well-being outcomes related to automation 

remains inconclusive, largely due to variations in the dependent variables used and differences in 

how the main explanatory variables are defined. This is particularly true for Germany, where the 

evidence is notably mixed. Moreover, there is a lack of studies in European countries linking 

occupational-level automation risk to workers’ health and well-being outcomes. Finally, only a 

few of the studies mentioned can claim causality, as most rely on cross-sectional data. 

2.3. Research aims 

Our study has three aims. First, we investigate the relationship between high automation risk 

defined at the occupational level and both subjective and objective health outcomes of workers in 

Germany. Second, we conduct a heterogeneity analysis, stratifying our sample by several 

demographic and occupational characteristics. Earlier studies have found substantial disparities in 

the health outcomes of the German population related to age, gender, region, and migration 

background (Breckenkamp et al., 2007; Sperlich et al., 2019; Stawarz et al., 2021). Furthermore, 
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given the pronounced gender segregation in the German labor market (i.e., men are mostly 

concentrated in heavy production industries and full-time jobs, whereas women are mostly in 

services and part-time jobs), the considerable share of foreigners in the population (15.2% in 

2023), and the persistent socioeconomic disparities between the western and eastern federal states 

(Statista, 2024), we use these variables for sample stratification. More precisely, we compare 

estimate for the following demographic subgroups: young (18-34 years old), middle-aged (35-49), 

and older workers (50-65); male vs. female workers, direct migrants vs. others; and respondents 

residing in west vs. east Germany. In addition, we compare effects across several occupational 

subgroups: types of employment (part-time vs. full-time jobs), automation-prone sectors (mining, 

energy, and manufacturing vs. others), company sizes (small or medium-sized companies vs. 

others), and occupational classes (low-, medium-, and high-skilled workers), as many of these 

characteristics have been linked to the pace of automation (proxied by robot adoption) in Germany 

(Deng et al., 2023). 

Finally, we examine whether our estimates are sensitive to how automation risk is measured by 

varying the threshold that distinguishes highly automatable occupations from others. Last but not 

least, we conduct several robustness checks to test whether our findings remain consistent across 

different modeling choices and whether they change once potential statistical issues are addressed. 

3. Data and methods 

3.1. Sample 

Our analysis builds on two sources of longitudinal data. First, we use the German Socio-Economic 

Panel (SOEP), version SOEP-Core v39, which is collected by the German Institute for Economic 

Research (DIW Berlin). The SOEP is a nationally representative survey conducted at the 

individual and the household level that includes a wide range of questions on the social and 

demographic characteristics, employment histories, health, and well-being of the German 

population (Goebel et al., 2019). Our main explanatory variable, high automation risk, comes from 

our second data source, the Occupational Panel for Germany conducted by the Institute for 

Employment Research (IAB). The latter contains administrative data on the demographic and 

employment-related segregation of the German population specified at the occupational level, 

along with the shares of routine and non-routine tasks in these occupations (Grienberger et al., 

2022). 
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We merge these datasets based on the occupational group (three-digit level) combined with the 

requirement level (fifth digit) of the German Classification of Occupations 2010 (KldB2010) and 

survey year, since this is how the data are structured in the Occupational Panel. The KldB2010 

occupational codes are available in the SOEP survey from the year of 2013. The three-digit code 

of KldB2010 defines occupational groups, which are similar in terms of required skills, abilities, 

and knowledge (e.g., electricians in construction, machine and plant operators, office clerks and 

secretaries etc.), while the fifth digit distinguishes occupations according to the degree of 

complexity of the work activities (i.e., unskilled and semi-skilled, specialist, complex specialist, 

and highly complex activities) (Paulus and Matthes, 2013). The resulting dataset is defined at the 

individual level with added yearly information on the share of routine tasks in each occupation. 

We consider only currently working individuals; thus, respondents on maternity leave, students, 

and retired respondents are removed from the sample. In addition, we exclude civil servants and 

members of the armed forces, along with respondents in irregular marginal employment, self-

employed, and disabled respondents, due to the very specific characteristics and labor market 

regulations applied to these occupational groups. The data loss attributed to sample selection and 

missing data accounts for around 33% and 2%, respectively. Our final sample consists of 24,381 

regularly employed individuals aged 18-65 with non-missing values in the variables of interest 

(91,467 observations spread over the 2013-2022 period). Descriptive statistics of the sample, along 

with a detailed overview of all variables used, can be found in Table S1 of the supplementary 

materials. 

3.2. Dependent variables: health outcomes 

To ensure consistency with earlier studies, we use a set of subjective health outcomes as dependent 

variables. Self-reported health (SRH), which is considered to be a reliable measurement of general 

health, is based on the question “How would you describe your current health?” and is measured 

on a categorical scale, increasing from one (very bad) to five (very good) (Bombak, 2013). As a 

proxy for mental health, we use the feeling of anxiety. In the SOEP survey, respondents are asked 

to evaluate how often they have felt worried in the last four weeks on a scale from one (very rarely) 

to five (very often). Finally, health satisfaction varies between zero (completely dissatisfied) and 

10 (completely satisfied). 
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We additionally consider two objective health outcomes - healthcare use and sickness absence. 

We do so to enrich the evidence and to avoid the reporting heterogeneity bias that might occur in 

self-assessed ordinal outcomes due to the fact that individuals vary in terms of how they understand 

and use ordinal response categories, and, as a result, place the cut points between adjacent response 

categories in different ways (King and Wand, 2007). The objective measures arise from the number 

of doctor appointments respondents have made in the last three months (healthcare use) and the 

number of days off work respondents have taken due to their own illness in the last year (sickness 

absence), respectively. We restrict these continuous variables to binary measures, equal to one if 

the original variable takes positive values and to zero otherwise, indicating whether there was any 

healthcare use or any sickness absence. 

The descriptive statistics for the subjective dependent variables indicate that our respondents most 

commonly selected good health (fourth category), a very rare feeling of anxiety (first category), 

and the eighth category of health satisfaction. The share of respondents in the sample who 

previously used healthcare services and took days off work due to their own illness accounts for 

65% and 63%, respectively. 

3.3 Key independent variable: high automation risk 

Our main explanatory variable, high automation risk, derives from the measure of substitution 

potential for occupations proposed by Dengler et al. (2014) for the German labor market. The 

scholars adopted the task-based approach of Autor et al. (2003) and used data from the 

BERUFENET database to construct the distribution of five task types (i.e., routine cognitive, 

routine manual, non-routine manual, non-routine analytic, non-routine interactive) within 

occupations in Germany. BERUFENET is compiled by the German Federal Employment Agency 

to provide up-to-date detailed descriptions of the competencies and skills that are required to 

perform certain occupations. The share of routine tasks in the occupation, the so-called substitution 

potential, was considered as a proxy for automation risk. 

Since we focus our analysis on highly automatable occupations (which are likely to be replaced 

by new technologies in the next two decades), we construct our main explanatory variable by 

dichotomizing the original substitution potential measure in such a way that it takes a value of one 

if the occupation contains more than 70% of routine tasks, and a value of zero otherwise. This 

well-established threshold was used in the earlier studies of Arntz et al. (2016) for the OECD 
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countries and of Frey and Osborne (2017) for the US. Additionally, we conduct a sensitivity 

analysis using alternative downward positions of the threshold to test whether our findings remain 

consistent under such changes (see Table S2 in the supplementary materials and Section 4.3 for a 

detailed description of the variables and results, respectively). 

 

Figure 1 – Dynamics of the substitution potential and the share of occupations with high 

automation risk over the 2013-2022 period 

Figure 1 represents the dynamics of the substitution potential and the share of highly automatable 

occupations in our sample over the 2013-2022 period. As shown on the graph, both indicators are 

relatively time-invariant over the time spans of 2013-2015, 2016-2018, and 2019-2021, which is 

mainly due to the way the substitution potential measure was constructed. It was first introduced 

in 2013, and then updated once in three years. In addition, the respondents in the sample seem to 

be rigid in terms of occupational mobility, sticking to their current occupations. Nevertheless, the 

increase in both indicators in 2016, 2019, and 2022 provides evidence that the automation-driven 

transformation of the German labor market tends to gather pace over time. 

As shown in Table S1, the share of occupations at high automation risk in our sample is 

approximately 19%, which closely aligns with the estimate for the whole German labor market 

(Dengler and Matthes, 2018). Table S3 in the supplementary materials presents the list of most 
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frequent occupations that are highly susceptible to automation in our sample: they are concentrated 

in heavy industrial sectors (e.g., manufacturing, electrical and automotive industries) as well as in 

the service sector (e.g., banking and insurance, information technology, logistics) and are 

overrepresented in the middle-skilled segment of the labor force, highlighting the presence of labor 

market polarization in Germany. 

3.4 Control variables 

We use a standard set of control variables in our models that includes age, squared age, gender, 

marital status (married or cohabiting vs. otherwise), educational attainment (low (level 1-2 of 

ISCED-97), medium (level 3-4 of ISCED-97), and high (level 5-6 of ISCED-97)), natural log of 

the yearly net household income in thousands of euros adjusted for inflation and household size 

(Modified OECD Equivalence Scale), migration background (direct migrant vs. otherwise), region 

of settlement (west Germany vs. east Germany), type of employment (full-time vs. part-time job), 

and company size with respect to headcount (small- or medium-sized (less than 200 people), large 

(200-2000 people), and very large company (more than 2000 people)). Additionally, we 

incorporate a dummy variable into our models that takes the value of one during the COVID-19 

pandemic lockdown years and zero during all other periods. 

We refrain from using sectoral dummies in our baseline models (while incorporating them in the 

heterogeneity and robustness analyses) because they are highly correlated with our automation risk 

measure and other work-related controls. Consequently, our reference individual is a male of 

average age, married, with medium educational attainment and average income, without a direct 

migration background, residing in west Germany, employed full-time in a small or medium-sized 

company, and working in an occupation with low automation risk during the period preceding the 

COVID-19 outbreak. 

3.5. Estimation strategy 

We exploit the longitudinal structure of the data and estimate individual-effects linear regressions. 

We treat our categorical dependent variables as cardinal, since the evidence from methodological 

studies confirms convergence between the estimates from linear and ordered latent response 

models (Dudel et al., 2016; Ferrer-i-Carbonell and Frijters, 2004). In addition, this approach was 
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implemented in earlier studies on work-related determinants of health and well-being (e.g., 

Nazareno and Schiff, 2021; Kühn et al., 2023). 

We rely on the random effects (RE) specification because of the quasi-time-invariant nature of our 

automation risk measure (only 4.36% of respondents in the sample change their status with respect 

to automation risk). Moreover, other control variables also show limited within variation: for 

instance, only 0.41% and 0.17% of respondents change their educational status or relocate between 

east and west Germany, respectively. Estimating fixed effects models with these data would drop 

almost all the variation in our main explanatory variable, and would lead to unreliable estimates. 

Nevertheless, we address the ordinal and binary nature of our dependent variables via panel 

ordered probit and probit models, respectively, and estimate fixed effects linear models and 

correlated random effects ordered probit and probit models (the fixed effects approximation, also 

known as the Mundlak correction) as robustness checks (Mundlak, 1978). Additionally, since 

sickness absence is reported retrospectively, we lag our main explanatory variable by one year and 

re-estimate the model for this health outcome. 

Furthermore, assuming that our measure of automation risk might be endogenous, i.e., determined 

by other variables that also have an impact on our health outcomes, we adopt the instrumental 

variable approach and estimate the G2SLS models (Balestra and Varadharajan-Krishnakumar, 

1987). A few earlier studies on health outcomes of automation addressed potential endogeneity 

bias by instrumenting robot intensity in the country of interest by robot intensities in other nearby 

countries (e.g., Gihleb et al., 2022; Yang et al., 2022). While dealing with automation risk at the 

occupational level, we adopt the approach of Cornelissen et al. (2011), who used the share of 

workers receiving performance pay within industries and firm size categories to instrument the 

individual worker’s probability of having a performance pay job. Our instrument comes from the 

Occupational Panel for Germany and is derived as the year- and sector-specific share of the 

German population employed in highly automatable occupations. 

Finally, we test the reverse causality hypothesis, which suggests that individuals’ health status may 

determine their selection into highly automatable occupations, by estimating the cross-lagged 

panel models (Orth et al., 2021). The results from the alternative model specifications outlined 

above are summarized in Table S4 of the supplementary materials and discussed in Section 4.4. 
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4. Results 

4.1. Baseline models 

Table 1 provides a summary of the estimated coefficients on high automation risk for various 

health outcomes using our main specification and control variables. Since our dependent variables 

are measured on different scales, the coefficients are not directly comparable. Our results suggest 

that respondents employed in highly automatable occupations are 0.026 (on the scale from one to 

five) and 0.053 (on the scale from zero to 10) points worse off in terms of SRH and health 

satisfaction than their counterparts working in less automation-prone occupations, respectively 

(consistent with Nazareno and Schiff, 2021). 

Table 1 – Estimated coefficients on high automation risk (pooled sample) 

Dependent variable Coef. SE 95% CIs p-value 

SRH -0.026*** 0.009 [-0.043 -0.009] 0.002 

Anxiety 0.006 0.009 [-0.012 0.024] 0.515 

Health satisfaction -0.053*** 0.019 [-0.090 -0.015] 0.006 

Healthcare use 0.001 0.005 [-0.008 0.011] 0.808 

Sickness absence 0.033*** 0.005 [0.023 0.043] 0.000 

Number of 

observations 

91,467    

Number of individuals 24,381    

Note. *p-value<0.10, **p-value<0.05, ***p-value<0.01 

All models include controls for age, squared age, gender, marital status, educational attainment, income, migration background, region of 

settlement, type of employment, company size, and the years of the COVID-19 pandemic lockdown. 

Robust standard errors are clustered at an individual level. 

 

Overall, our estimates are somewhat lower in absolute terms compared to those from earlier studies 

using SOEP data, which assessed the impact of employment status and job insecurity on self-

reported health and health satisfaction in Germany, employing similar scales for their health 

outcomes. For instance, Otterbach and Sousa-Poza (2016) showed that lower job security is 

associated with a decline of -0.138 and -0.059 points (-0.078 and -0.021 points) in health 

satisfaction and self-reported health in the male (female) subsample of German workers, 

respectively. Furthermore, Kühn et al. (2019) reported that part-time employment is associated 

with a 0.08- and 0.14-point increase in health satisfaction in west and east Germany, respectively. 
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Thus, compared to the previous evidence, the negative association between high automation risk 

and the subjective health outcomes of workers seems to be relatively moderate in the German 

context. 

Furthermore, employment in highly automatable occupations is associated with a 3.3-percentage-

point increase in the probability of reporting sickness absence, and is also positively related to 

anxiety, though the latter coefficient is not statistically significant (consistent with Gihleb et al., 

2022). Since no significant effect is found for healthcare use (with the coefficient being relatively 

small and positive), we conclude that the observed negative relationship between high automation 

risk and the health of workers in Germany is likely driven by minor physical and mental issues 

that do not require immediate medical attention, rather than by serious chronic conditions, injuries, 

or psychological disorders. 

4.2. Differences by demographic and occupational characteristics 

Figures 2a and 2b display the confidence intervals (CIs) for the estimated associations between 

high automation risk and various health outcomes across demographic groups, while Figures 3a 

and 3b present the corresponding results across occupational groups. Since the dependent variables 

are measured on different scales, the estimated coefficients for the various health outcomes shown 

within each figure are not directly comparable. In addition, the analyzed groups are not mutually 

exclusive, e.g., west Germany includes both men and women. 

As shown in Figure 2a, the estimated coefficient for men (-0.040 points) in the model for SRH is 

considerably lower than that for the pooled sample (-0.026 points), while the results for anxiety 

are largely inconclusive, with most subgroup estimates clustering around zero and exhibiting wide 

confidence intervals. Figure 2b shows that the health satisfaction of respondents living in east 

Germany (-0.102 points) and male workers (-0.084 points) tends to be more vulnerable to the 

impact of high automation risk, as the estimates for these subgroups are significantly lower than 

the baseline value (-0.053 points). Finally, the effect of high automation risk on sickness absence 

is much higher in the group of residents of east Germany (5.5 percentage points) and older workers 

(4.9 percentage points) compared to the baseline estimate (3.3 percentage points). Overall, our 

findings suggest that the patterns identified in the baseline models for SRH, health satisfaction, 

and sickness absence remain broadly robust across demographic categories, while no consistent 

effects are observed for anxiety. 
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Figure 2a – Estimated coefficients on high automation risk for SRH and anxiety stratified by 

demographic characteristics 

 

Figure 2b – Estimated coefficients on high automation risk for health satisfaction and sickness 

absence stratified by demographic characteristics 
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Figure 3a – Estimated coefficients on high automation risk for SRH and anxiety stratified by 

occupational characteristics 

 

Figure 3b – Estimated coefficients on high automation risk for health satisfaction and sickness 

absence stratified by occupational characteristics 
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As shown in Figure 3a, the negative association between high automation risk and SRH reported 

in the baseline model (-0.026 points) is mainly consistent across the occupational subgroups, with 

the lowest magnitude observed for low-skilled workers (-0.068 points), those employed in small- 

or medium-sized companies (-0.038 points), and those holding full-time jobs (-0.037 points). For 

anxiety, we find no statistically significant effects across most occupational subgroups, with the 

exception of low-skilled workers (0.049 points) and respondents working in small- or medium-

sized companies (0.031 points), where the estimated coefficients are significantly higher than the 

baseline estimate (0.006 points). 

Figure 3b shows that the effect of high automation risk on health satisfaction is predominantly 

negative across most occupational groups, with the strongest effects observed among respondents 

employed in small- or medium-sized companies (-0.091 points) and among low- and high-skilled 

workers (-0.083 and -0.081 points, respectively). Finally, the probability of reporting sickness 

absence was substantially higher for low-skilled workers (5.3 percentage points) and for those 

employed in small- or medium-sized companies (3.9 percentage points) compared to the pooled 

sample estimate (3.3 percentage points). No statistically significant association between healthcare 

use and high automation risk is found for any examined demographic or occupational group. 

Overall, our heterogeneity analysis for subjective health outcomes tends to suffer from issues with 

statistical power due to the reduced sample sizes of compared groups, as evidenced by the 

overlapping confidence intervals, most of which include zero. Nevertheless, we still observe the 

presence of some minor differences in the effects, indicating that male, low-skilled, and older 

respondents, along with those residing in east Germany and those working in small- or medium-

sized companies, are most vulnerable to the impact of high automation risk. 

4.3. Sensitivity analysis: alternative thresholds 

To test whether our estimates are sensitive to the downward shift in the threshold distinguishing 

highly automatable occupations from those with lower automation risk, we construct alternative 

automation risk measures and re-estimate our baseline models (see Table S2 in the supplementary 

materials for a detailed overview and descriptive statistics of the alternative automation risk 

measures). We gradually shift from the threshold distinguishing occupations with high and 

medium automation risk (more than 70% of routine tasks) to the threshold distinguishing 
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occupations with low and medium automation risk (more than 30% of routine tasks) (Frey and 

Osborne, 2017). 

Table 2 – Estimated coefficients for alternative risk measures (pooled sample) 

 SRH Anxiety Health 

satisfaction 

Healthcare 

use 

Sickness 

absence 

Risk measure 

(share of routine tasks) 

Coef. 

(SE) 

Coef. 

(SE) 

Coef. 

(SE) 

Coef. 

(SE) 

Coef. 

(SE) 

Risk70 (>70%) - baseline -0.026*** 

(0.009) 

0.006 

(0.009) 

-0.053*** 

(0.019) 

0.001 

(0.005) 

0.033*** 

(0.005) 

Risk_Q4 (>65.5%) -0.026*** 

(0.008) 

0.002 

(0.008) 

-0.052*** 

(0.017) 

0.003 

(0.004) 

0.023*** 

(0.005) 

Risk50 (>50%) -0.024*** 

(0.007) 

0.009 

(0.007) 

-0.060*** 

(0.015) 

0.001 

(0.004) 

0.013*** 

(0.004) 

Risk_MD (>42.4%) -0.018*** 

(0.007) 

0.006 

(0.007) 

-0.042*** 

(0.015) 

0.002 

(0.004) 

0.003 

(0.004) 

Risk30 (>30%) -0.015** 

(0.007) 

0.012 

(0.008) 

-0.044*** 

(0.016) 

0.003 

(0.004) 

-0.003 

(0.004) 

Number of observations 91,467 91,467 91,467 91,467 91,467 

Number of individuals 24,381 24,381 24,381 24,381 24,381 

Note. *p-value<0.10, **p-value<0.05, ***p-value<0.01 

All models include controls for age, squared age, gender, marital status, educational attainment, income, migration background, region of 

settlement, type of employment, company size, and the years of the COVID-19 pandemic lockdown. 

Robust standard errors are clustered at an individual level. 

 

As shown in Table 2, once this downward shift is made, we observe a decline in the magnitude of 

the estimates and, in some cases, a loss of significance for SRH, sickness absence, and health 

satisfaction, indicating the presence of a dose-response relationship. The direction of the effect for 

healthcare use and anxiety remains consistent across all thresholds, with the estimated coefficients 

being statistically insignificant. However, when the threshold is set at 30% of routine tasks 

(Risk30), which increases the sample size of the high-risk group, the p-value in the model for 

anxiety drops to 0.130, potentially indicating a power issue in our estimates for this health 

outcome. Overall, the estimates based on the alternative automation risk measures are largely in 

line with our baseline findings. 

4.4. Further robustness checks 

We conduct a series of robustness checks to assess whether our baseline estimates remain 

consistent across different model specifications (see Table S4 in the supplementary materials). 
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Specifically, we estimate random effects (RE) linear regressions with sectoral dummies, RE 

ordered probit and probit models, fixed effects (FE) linear regressions, correlated random effects 

(CRE) ordered probit and probit models (the FE approximation, also known as the Mundlak 

correction), RE linear regression with a one-year lagged main explanatory variable (for sickness 

absence), RE cross-lagged panel models (CLPM), and RE G2SLS instrumental variable (IV) 

regressions. 

Overall, our estimates remain relatively consistent across the model specifications considered. The 

estimated coefficients do not change substantially once sectoral dummies are incorporated, 

remaining largely in line with our main results. The RE ordinal and binary models yield the same 

direction, significance, and moderate magnitude of marginal effects as the baseline linear models 

(although the estimates are not directly comparable). The results from the FE linear models and 

FE approximation specifications show the same direction of the effect, but the coefficients are no 

longer statistically significant due to limited within variation in the main explanatory variable 

(except for anxiety).  

The RE linear model with a one-year lagged high automation risk for the sickness absence outcome 

(reported retrospectively) produces results very similar to our baseline findings. Additionally, we 

find no evidence supporting the reverse causality hypothesis – that workers’ health status 

determines their selection into highly automatable occupations – as the coefficients on the lagged 

health outcomes in the RE cross-lagged panel models are consistently insignificant. Finally, after 

adjusting for potential endogeneity, the estimates retain the same direction for most health 

outcomes (except healthcare use) but are no longer statistically significant (except for anxiety). 

5. Discussion 

This study investigates the association between high automation risk at work and both subjective 

and objective health outcomes of workers in Germany. Our findings suggest that employment in 

highly automatable occupations is negatively related to self-reported health (SRH) and health 

satisfaction, and is positively related to sickness absence and, depending on the model 

specification, to anxiety. No statistically significant effect is found for healthcare use. In addition, 

our heterogeneity analysis indicates that the estimates vary slightly across several demographic 

and occupational characteristics, yet largely align with the baseline patterns observed for most 

health outcomes. Furthermore, we provide evidence that the way automation risk is measured may 
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somewhat affect the magnitude and, in some cases, the significance of the observed effects; 

however, the overall impact of the measurement approach on our conclusions remains moderate. 

Finally, we estimate several alternative model specifications as robustness checks, with the 

findings being largely consistent with our baseline results. 

Our findings suggest that workers employed in highly automatable occupations are 0.026 points 

(on the scale from one to five) and 0.053 points (on the scale from zero to 10) worse off in terms 

of SRH and health satisfaction, respectively (consistent with earlier evidence for the US from 

Nazareno and Schiff (2021) and Liu (2023)). However, the magnitude of our estimates is rather 

moderate, being slightly lower in absolute terms than the effects of employment status and job 

insecurity on health satisfaction and self-reported health (measured on the same scales as our health 

outcomes) in Germany (Otterbach and Sousa-Poza, 2016; Kühn et al., 2019). 

We also find that high automation risk is positively associated with anxiety, although the 

coefficient is not statistically significant in the baseline model (consistent with Gihleb et al., 2022). 

After controlling for unobserved heterogeneity, however, it becomes significant. Nevertheless, we 

would interpret this result with caution, given the limited within variation in our main explanatory 

variable. Finally, we observe that exposure to high automation risk at work is associated with a 

3.3-percentage-point increase in the probability of reporting sickness absence, while no effect is 

found for healthcare use. These findings are perhaps not overly surprising, given that German 

workers can stay home for up to three days without visiting a doctor and requesting official sick 

leave. 

Overall, our results provide evidence that, in the German context, high automation risk contributes 

to minor physical and mental health issues, rather than to serious disorders, since the healthcare 

use variable remains unaffected. For instance, the prevalence of routine-intensive, monotonous 

tasks in highly automatable occupations may lead to muscular tension and spasms, negatively 

affecting workers' physical health. Additionally, job insecurity (Caroli and Godard, 2016; Patel et 

al., 2018; Lordan and Stringer, 2022; Giuntella et al., 2023), the fear of job loss, and the need for 

occupational or qualification change (Blasco et al., 2022), associated with high automation risk, 

may contribute to moderate psychological distress, potentially leading to absenteeism. 

Our heterogeneity analysis, which reflects the structure of German society and the labor market, 

indicates that no demographic or occupational group significantly deviates from the pooled sample 
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estimates for any of the health outcomes. None of the subgroup comparisons (e.g., men vs. women 

or east vs. west) show statistically significant differences, as the confidence intervals overlap. 

Furthermore, unlike the pooled sample, most confidence intervals include zero, leading us to the 

conclusion that our heterogeneity analysis for the subjective health outcomes lacks sufficient 

statistical power. However, the evidence for sickness absence indicates some minor differences in 

effects based on age, region of settlement, company size, and professional class. Specifically, the 

health of older workers, those residing in east Germany, employed in small- or medium-sized 

companies, and holding low-skilled occupations appears to be more vulnerable to the impact of 

high automation risk (consistent with O’Brien et al. (2022) and Abeliansky et al. (2024)). 

These findings are quite intuitive, as low-skilled tasks are particularly susceptible to replacement 

by new technologies in the near future. Additionally, belonging to the elderly group and working 

in less economically and technically advanced settings (e.g., east Germany, small- or medium-

sized companies) are associated with limited opportunities for re-skilling and occupational 

mobility in the case of displacement. This, in turn, may result in lower self-assessed viability in 

the labor market, heightened technostress, and a perception of technological change as a shock, 

which can lead to worsening health outcomes. 

Finally, our sensitivity analysis reveals a dose-response relationship in our estimates for self-

reported health, health satisfaction, and sickness absence, suggesting that as the share of routine 

tasks in the occupation declines, the association between high automation risk and health becomes 

less pronounced, both in magnitude and, in some cases, in significance. 

Our study faces several challenges. First, our main explanatory variable, high automation risk, has 

limited within variation, preventing us from addressing unobserved heterogeneity via fixed effects 

models. Additionally, it is based on a country-specific distribution of tasks within occupations, 

which perfectly captures labor market conditions in Germany but may not fully reflect the situation 

in other countries. Finally, our estimates may be affected by an intent-to-treat issue that arises 

when individuals at real risk of displacement are unaware of it, while those in relatively 'risk-free' 

occupations perceive heightened stress related to the threat of technological unemployment. Such 

misclassification tends to bias estimates toward zero in the studies using objective proxies for 

automation risk measured at the individual level. Despite this, our study, along with previous 

research, still finds some reasonable effects. 
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Supplementary materials 

Table S1 – Descriptive statistics (pooled sample) 

 Full sample (91,467 observations, 24,381 individuals) 

Variable Definition Mean SD 

Dependent variables:    

SRH 5 categories sorted from 1 “bad” to 5 “very good” 3.605 0.853 

Anxiety 5 categories sorted from 1 “very rarely” to 5 “very often” 1.860 0.924 

Health satisfaction 
11 categories sorted from 0 “completely dissatisfied” to 10 “completely 

satisfied” 
7.131 1.883 

Healthcare use Has visited a doctor in the last 3 months=1, otherwise=0 0.649 0.477 

Sickness absence Has taken days off work due to own illness in the last year=1, otherwise=0 0.634 0.482 

Socioeconomic variables:    

Age Number of full years [range of 18-65 years old] 43.691 10.766 

Gender Male=0, Female=1 0.511 0.500 

Marital status Married/cohabiting=0, otherwise=1 0.399 0.490 

Education dummies:    

Low education 1-2 levels of isced97=1, otherwise=0 0.068 0.252 

Medium education 3-4 levels of isced97=1, otherwise=0 0.587 0.492 

High education 5-6 levels of isced97=1, otherwise=0 0.345 0.475 

Income Net household income adjusted for CPI and the household size (kEuro) 27.063 12.417 

Migrant Direct migration background=1, otherwise=0 0.206 0.404 

Region West Germany=0, East Germany=1 0.236 0.424 

COVID-19 Year of the COVID-19 pandemic lockdown=1, otherwise=0 0.230 0.421 

Work-related variables:    

Type of employment Full-time job=0, Part-time job=1 0.297 0.457 

Company size dummies:    

Small/medium company Headcount of less than 200 employees=1, otherwise=0 0.482 0.500 

Large company Headcount of 200-2000 employees=1, otherwise=0 0.236 0.425 

Very large company Headcount of more than 2000 employees=1, otherwise=0 0.282 0.450 

Automation-prone sector Energy, mining, manufacturing=1, otherwise=0 0.258 0.438 

Professional class dummies: 

Low-skilled Unskilled/semi-skilled tasks=1, otherwise=0 0.100 0.300 

Medium-skilled Specialist tasks=1, otherwise=0 0.533 0.499 

High-skilled Complex and highly complex tasks=1, otherwise=0 0.367 0.482 

Main explanatory variable:    

High automation risk More than 70% of routine tasks in the occupation=1, otherwise=0 0.188 0.391 
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Table S2 – Descriptive statistics for alternative automation risk measures (pooled sample) 

Variable Definition Mean SD 

Risk70 (>70%) - baseline Percentage of routine tasks in the occupation exceeds 70%=1, otherwise=0 0.188 0.391 

Risk_Q4 (>65.5%) Percentage of routine tasks in the occupation exceeds the last 25% of the sample 

distribution=1, otherwise=0 

0.248 0.432 

Risk50 (>50%) Percentage of routine tasks in the occupation exceeds 50%=1, otherwise=0 0.420 0.494 

Risk_MD (>42.4%) Percentage of routine tasks in the occupation exceeds the sample median=1, 

otherwise=0 

0.500 0.500 

Risk30 (>30%) Percentage of routine tasks in the occupation exceeds 30%=1, otherwise=0 0.648 0.478 

 

Table S3 – Most frequent occupations with high automation risk in Germany (2013-2022) 

KldB10 code 

(5 digits) 
Occupation 

Professional class 

(skill level) 

71402 Office clerks and secretaries skilled tasks 

72112 Bankers skilled tasks 

25102 Occupations in machine-building and -operating skilled tasks 

51311 Occupations in warehousing and logistics unskilled/semi-skilled tasks 

72213 Occupations in accounting complex tasks 

26212 Electricians in construction skilled tasks 

25122 Machine and plant operators skilled tasks 

24412 Occupations in metal constructing skilled tasks 

24232 Occupations in metalworking: cutting skilled tasks 

72302 Occupations in tax consultancy skilled tasks 

25212 Technical occupations in the automotive industries skilled tasks 

25132 Technical service staff in maintenance and repair skilled tasks 

29201 Occupations in the production of foodstuffs unskilled/semi-skilled tasks 

27312 Technical occupations in quality control skilled tasks 

25101 Occupations in machine-building and -operating unskilled/semi-skilled tasks 

52531 Operators of cranes, lifts, and related lifting devices unskilled/semi-skilled tasks 

41312 Occupations in chemical and pharmaceutical engineering skilled tasks 

72132 Insurance salespersons skilled tasks 

41322 Chemical technical laboratory occupations skilled tasks 

24422 Occupations in welding and joining skilled tasks 

24201 Occupations in metalworking unskilled/semi-skilled tasks 

71401 Office clerks and secretaries unskilled/semi-skilled tasks 

26312 Occupations in information and telecommunication technology skilled tasks 

27212 Draftspersons skilled tasks 

26252 
Occupations in installing and maintaining electrical machines and 

equipment in plants 
skilled tasks 

22101 Occupations in plastic- and rubber-making unskilled/semi-skilled tasks 

24522 Occupations in tool making skilled tasks 

71512 Occupations in human resources development and personnel service skilled tasks 

24202 Occupations in metalworking skilled tasks 

25112 Machine and equipment assemblers skilled tasks 

27223 Occupations in technical design and apparatus building complex tasks 

26302 Occupations in electrical engineering skilled tasks 

51622 Forwarding agents and management assistants in logistics skilled tasks 

61212 Management assistants in wholesale and foreign trade skilled tasks 

22102 Occupations in plastic- and rubber-making skilled tasks 

26112 Occupations in mechatronics skilled tasks 

41311 Occupations in chemical and pharmaceutical engineering unskilled/semi-skilled tasks 
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Table S4 – Estimated coefficients for alternative model specifications (pooled sample) 

 SRH Anxiety Health 

satisfaction 

Healthcare 

use 

Sickness 

absence 

Model Coef. (SE) Coef. (SE) Coef. (SE) Coef. (SE) Coef. (SE) 

RE linear (baseline) -0.026*** 

(0.009) 

0.006 

(0.009) 

-0.053*** 

(0.019) 

0.001 

(0.005) 

0.033*** 

(0.005) 

RE linear with sectoral 

dummies 

-0.027*** 

(0.009) 

0.004 

(0.010) 

-0.053*** 

(0.020) 

0.002 

(0.005) 

0.034*** 

(0.005) 

FE linear -0.019* 

(0.011) 

0.026** 

(0.012) 

-0.030 

(0.025) 

0.001 

(0.007) 

0.008 

(0.007) 

RE ordered probit (marginal 

effects) 

-0.006*** 

(0.002) 

0.001 

(0.002) 

-0.003*** 

(0.001) 

  

CRE ordered probit (marginal 

effects) 

-0.004 

(0.002) 

0.005** 

(0.002) 

-0.001 

(0.001) 

  

RE probit (marginal effects)    0.001 

(0.005) 

0.033*** 

(0.005) 

CRE probit (marginal effects)    0.001 

(0.007) 

0.009 

(0.007) 

RE linear (Risk70t-1)     0.030*** 

(0.006) 

      

RE CLPM:      

Dependent variable – health 

outcome: 

     

    Risk70t-1 0.010 

(0.008) 

0.004 

(0.010) 

-0.010 

(0.019) 

-0.001 

(0.005) 

0.025*** 

(0.005) 

    Health outcomet-1 0.383*** 

(0.005) 

0.291*** 

(0.005) 

0.380*** 

(0.005) 

0.178*** 

(0.005) 

0.282*** 

(0.005) 

Dependent variable – high 

automation risk: 

     

    Risk70t-1 0.853*** 

(0.003) 

0.853*** 

(0.003) 

0.853*** 

(0.003) 

0.853*** 

(0.003) 

0.853*** 

(0.003) 

    Health outcomet-1 0.001 

(0.001) 

0.000 

(0.001) 

0.001 

(0.000) 

0.000 

(0.002) 

0.002 

(0.002) 

RE G2SLS:      

    1st stage – instrument: 0.350*** 

(0.008) 

0.368*** 

(0.008) 

0.350*** 

(0.008) 

0.433*** 

(0.007) 

0.401*** 

(0.008) 

    2nd stage – main explanatory 

    variable (Risk70): 

-0.052 

(0.048) 

0.093* 

(0.049) 

-0.039 

(0.106) 

-0.010 

(0.022) 

0.022 

(0.024) 

Note. *p-value<0.10, **p-value<0.05, ***p-value<0.01 

All models include controls for age, squared age, gender, marital status, educational attainment, income, migration background, region of 

settlement, type of employment, company size, and the years of the COVID-19 pandemic lockdown. 

Robust standard errors are clustered at an individual level. 

Sectoral dummies include agriculture, energy, mining, manufacturing, construction, trade, transport, bank and insurance, services (reference 

category), and other sectors. 

Marginal effects in the ordinal models are computed for the fourth category of SRH (good health), the third category of anxiety (sometimes), 

and the eighth category of health satisfaction. 

Number of observations (individuals) for the model with lagged variables accounts for 62,459 (15,930). 
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