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Abstract

We study the impact of lifelong job tasks and occupational stressors on health in older

age. Using SHARE data, we link occupational stressors to 4-digit ISCO occupations

and rely on a rich set of control variables. Physical exertion, measured by metabolic

rate consumption, is the most impactful occupational stressor. The effects are larger for

women. Our results remain robust to Oster bounds and the Lewbel IV approach. We

track how occupational strain contributes to long-term health outcomes by studying

disease progression over the life-cycle, highlighting gender heterogeneity. In the second

part of the paper, we develop a LASSO-based approach to identify harmful tasks and

construct a Job Strain Intensity measure accounting for unobserved stressors. This

framework can be used as a tool whenever specific tasks play a crucial role in policy-

making. For instance, it can help the design of targeted retirement schemes or improve

safety measures for high-risk tasks.
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1 Introduction

European citizens spend 26% of their adulthood at work.1 Long hours of desk work, constant

repetitive motions, or high-stress decision-making do not just make the workday harder, they

can impact health. These effects can cumulate over time and become more apparent later

in life. This underscores the crucial role of working conditions and job strain in long-term

health.

Despite the relevance of the topic, several important questions remain unanswered. First,

the long-term health consequences of sustained exposure to workplace stressors and how

they accumulate over an entire career is not known. Second, it remains unclear how each

specific job task affects health: Broad proxy measures may overlook the distinct risks posed

by different job tasks. Understanding this may help develop more precise assessments and

targeted workplace policies.

In this paper, we investigate the impact of on-the-job occupational stressors and tasks per-

formed during the entire career on health later in life. Our study makes two significant

contributions. First, we offer empirical evidence on the impact of occupational stressors

on health considering lifetime exposure. Second, we introduce a novel approach for deter-

mining the most harmful tasks. Simultaneously, we propose a measure that accounts for

unobservable components that are typically more challenging to capture.

We use data from the Survey of Health, Ageing and Retirement in Europe (SHARE) where

job occupations throughout the entire career of respondents are reported at the 4-digit Inter-

national Standard Classification of Occupations (ISCO) code level (Brugiavini et al., 2019).

This level of detail enables us to precisely link occupational stressors to each job. To mea-

sure physical expenditures accurately, we propose the Metabolic Equivalent of Task (MET)

1 This calculation is an average taking into account several factors. The expected duration of working life
in the European Union surpasses 36.5 years (Eurostat, 2022). The average weekly working hours amount to
approximately 36.2 hours (Eurostat, 2021). We consider adulthood the working-age period from age 20 to
65. Finally, we assume an average of 8 hours of sleep per night.
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(Deyaert et al., 2017). This method calculates the physical activity energy expenditure based

on the metabolic rate associated with each task identified by the 4-digit ISCO code. Fur-

thermore, we examine exposure to psychosocial and carcinogenic agents (Kroll, 2015) and

assess task routines (Mihaylov and Tijdens, 2019).

In order to estimate the effect of occupational stressors on health, we rely on a rich set of con-

trols. Specifically, we have detailed information on childhood conditions, job characteristics,

and healthy habits. Further, we rely on Oster bounds (Oster, 2019) and Lewbel IV approach

(Lewbel, 2012) to reinforce the baseline findings. To verify the stability and reliability of our

findings, we employ several health dimensions and different methods, including the Causal

Forest (Athey et al., 2019) and Shapley values (Roth, 1988).

The results show that individuals performing more physically demanding jobs experience

significantly worse health during older ages. For instance, the transition from a job with

relatively lower physical demands, like "Dental assistant and therapist," to a more physically

strenuous job, such as "Hand packer," results in an effect equivalent to ageing by 3.23

additional years in terms of health impact. Furthermore, we observe an interesting gender

heterogeneity, with women being more affected than men. No significant effects are detected

for the other occupational stressors.

To examine the underlying mechanisms, we analyze how prolonged physical exertion accel-

erates health deterioration by increasing the likelihood and earlier onset of various diseases.

For men, a one-unit increase in MET raises the risk of heart attacks by 1.8%, strokes by

1.1%, and emotional disorders by 1.4%. Women face a 3.5% higher risk of hypertension and

4.2% for diabetes. Both men and women experience hip fractures about five years earlier.

In the second part of the paper, we present a novel approach based on the LASSO (Tibshirani,

1996, Least Absolute Shrinkage and Selection Operator) and the granular task data for each

4-digit ISCO code. This approach allows us to determine the most detrimental tasks from

a sparse matrix of standardized tasks. By doing so, we can pinpoint the specific tasks that
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are strongly related with poorer health outcomes. Additionally, we construct a new measure

we call Job Strain Intensity, which quantifies the proportion of harmful tasks out of all tasks

performed within each 4-digit ISCO code. Notably, this measure comprehensively captures

the overall job strain, encompassing the impact of unobservable components that traditional

job strain indexes often struggle to capture.

This second part of the study confirms the robustness of the relationship between MET

and health, even after controlling for the Job Strain Intensity. Additionally, it enables us

to discern the most harmful tasks and 4-digit ISCO codes that are most likely linked to

adverse health outcomes. For instance, the top five harmful tasks identified are "Cleaning

kitchen, bathroom, toilet", "Identifying, reporting and documenting hazards", "Operating

heavy duty equipment", "Farming", and "Repair / maintenance".

The literature on occupational strain and health encompasses both medical and economic

perspectives. The medical approach focuses on more detailed measures of health outcomes,

while health economics emphasizes occupational factors and selection concerns. The medical

literature presents mixed evidence. In a meta-analysis, Samitz et al. (2011) finds that occu-

pational physical activity reduces all-cause mortality, whereas Cillekens et al. (2022) finds

no statistically significant association. Conversely, Holtermann et al. (2010) and Krause

et al. (2015) find that physical work demands are positively associated with cardiovascular

mortality. The health economics literature on this topic presents more consistent findings.

Case and Deaton (2005) provides evidence of the irreversible health impacts of manual

jobs. Fletcher et al. (2011) finds that prolonged exposure to physically demanding tasks

and hazardous work environments deteriorates health over time, particularly among women.

Similarly, Ravesteijn et al. (2018) shows that physical strain and low job control accelerate

health decline.

We contribute to this literature in several ways. First, we provide a sample of individuals

for whom the entire occupational trajectory can be observed. According to McEwen (2000),
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prolonged exposure to cumulative strain leads to physiological damage, known as allostatic

load. As a result, long-term on-the-job physical stressors can accelerate disease progression.

Hence, considering the entire occupational trajectory allows for more accurate estimates of

long term effects.

Second, we refine traditional job strain proxies by using more precise measures. To mea-

sure physical exertion, we rely on Metabolic Equivalents of Tasks (METs), which quantifies

metabolic energy expenditure, rather than binary indicators like "carrying heavy loads over

20 kg". This continuous measure of physical exertion allows us for more accurate assessments

of occupational strain across different jobs. Similarly, we consider a wider range of health

outcomes, including multiple indicators and specific diseases. This allows us to uncover the

pathways through which these effects emerge.

Third, we determine the specific granular tasks that drive adverse health effects. This pro-

vides a more detailed understanding of the most health-detrimental tasks and occupations,

classified by 4-digit ISCO codes. Our approach can inform targeted retirement schemes for

workers at higher risk of shorter life expectancy and fewer disability-free years due to their

occupational history. This targeted strategy responds to concerns in recent literature about

the fairness of raising statutory retirement ages (Deeg et al., 2021; Lozano and Solé-Auró,

2021; Anders et al., 2022). Furthermore, identifying specific tasks and job codes can help pol-

icymakers and employers refine workplace safety regulations and direct investments toward

automating the most harmful tasks.

This paper is organized as follows. Section 2 explains the data. Then, section 3 discusses the

identification issues. Next, section 4 presents the results and robustness analysis. Thereafter,

section 5 discusses the novel approach based on the LASSO and constructs the Job Strain

Intensity measure. Conclusions are drawn in section 6.
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2 Data

2.1 SHARE data

The Survey of Health, Ageing and Retirement (SHARE) in Europe, is biannual longitudinal

survey started in 2004 representative of people aged 50 and over in 28 European countries

plus Israel. In detail, we use data from the Job Episode Panel (Brugiavini et al., 2019) and

wave 7 specifically (Börsch-Supan, 2019) to construct a retrospective long panel containing

detailed information about each respondent throughout her/his life. The sample contains

36,946 unique individuals for which information for at least one job occupation is available.

For each individual, the retrospective panel reports as many obsrvations as years of age.

Table 1 shows the sample distribution by country.

Table 1: Frequency by country.

Country Freq. Percent

Austria 1,839 4.98

Germany 2,184 5.91

Sweden 1,567 4.24

Spain 1,951 5.28

Italy 1,711 4.63

France 1,277 3.46

Denmark 1,162 3.15

Greece 465 1.26

Switzerland 1,109 3.00

Belgium 2,008 5.43

Israel 1,018 2.76

Czech Republic 2,443 6.61

Poland 2,292 6.20

Luxembourg 848 2.30

Country Freq. Percent

Hungary 606 1.64

Portugal 596 1.61

Slovenia 2,303 6.23

Estonia 2,886 7.81

Croatia 1,600 4.33

Lithuania 912 2.47

Bulgaria 1,390 3.76

Cyprus 388 1.05

Finland 991 2.68

Latvia 544 1.47

Malta 501 1.36

Romania 830 2.25

Slovakia 1,525 4.13

Total 36,946 100.00

2.1.1 Health outcomes

SHARE microdata provides several health outcomes measured at older ages. As the main

outcome variable, we rely on Self-perceived poor health (Sphus), measured on a Likert scale

6



where 1 is "Excellent" and 5 is "Poor". Table 2 shows the descriptive statistics of "Self-

perceived poor health" and additional health outcomes at older ages used as robustness

checks of the main results.

Next, SHARE provides information about a very large set of physical diseases ever diag-

nosed at least once in life. This allows a better understanding of which are the diseases

through which health is impacted. The following diseases are coded as dummy variables,

taking value 1 from the year of the first diagnosis onwards: Heart attack, Hypertension,

Cholesterol, Stroke, Diabetes, Lung, Cancer, Stomach, Parkinson, Cataracts, Hip fractures,

Other fractures, Alzheimer disease, Emotional disorders, Rheumatoid arthritis, Osteoarthri-

tis, Kidney diseases.
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Table 2: Descriptive statistic of health outcomes and diseases.

Health outcome Obs Mean Std. dev. Min Max

Self-perceived poor health 36,946 3.22 1.04 1 5

ADL 36,946 0.18 0.73 0 6

IADL 36,946 0.33 1.14 0 9

Limitations with activities 36,946 0.46 0.50 0 1

Mobility limitations 36,946 1.46 2.18 0 10

Max grip strength 34,208 34.05 11.41 1 95

N chronic diseases 36,946 1.79 1.60 0 12

BMI 36,946 27.38 4.74 13.01 74.05

Disability injury 36,902 0.10 0.31 0 1

Health limits work 32,704 0.24 0.43 0 1

Disease

Heart attack 36,796 0.11 0.31 0 1

Hypertension 36,796 0.43 0.49 0 1

Cholesterol 36,796 0.24 0.43 0 1

Stroke 36,796 0.04 0.19 0 1

Diabetes 36,796 0.13 0.34 0 1

Lung disease 36,796 0.05 0.22 0 1

Cancer 36,796 0.05 0.22 0 1

Stomach disease 36,796 0.04 0.20 0 1

Parkinson 36,796 0.01 0.08 0 1

Cataracts 36,796 0.07 0.25 0 1

Hip fractures 36,796 0.01 0.12 0 1

Other fractures 36,796 0.06 0.23 0 1

Alzheimer 36,796 0.01 0.11 0 1

Emotional disorders 36,796 0.07 0.25 0 1

Rheumatoid arthritis 36,796 0.10 0.29 0 1

Osteoarthritis 36,796 0.18 0.38 0 1

Kidney disease 36,796 0.02 0.15 0 1

2.1.2 Occupations

In order to define the occupational titles we employ the International Standard Classification

of Occupations of the Organisation for Economic Co-operation and Development (OECD;

ISCO-08)2. ISCO-08 is a tool for categorizing jobs into a series of groups that are defined in

2 https://www.ilo.org/public/english/bureau/stat/isco/isco08/index.htm
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accordance with the tasks and responsibilities performed in the work. This categorization

eases international comparability. ISCO-08 classifies jobs following four hierarchical levels.

The broader level contains 10 "Major groups" in which similar jobs are aggregated according

to the skills required for the jobs and then ranked from "1 Managers" and ending with "9

Elementary occupations"3. Next, the major groups are first split into 43 sub-major groups

(2-digit codes) and again into 130 minor groups (3-digit codes). Finally, occupations are

categorized into 436 unit groups (4-digit codes). By construction, the heterogeneity in skills

and tasks between major groups is straightforward. However, the diversity of skills and

tasks exist also within the same major group. Table A.1 shows the categorization of the

"9 Elementary occupations" major group that suggests huge heterogeneity in job duties

also within the same major group (e.g., "9211 Crop Farm Labourers" vs "9411 Fast Food

Preparers").

Table 3: Descriptives according to the 1-digit ISCO code occupation.

Sphus

ISCO Category Obs % Mean Std dev

0-Armed forces occupations 48 0.13 3.90 0.83

1-Managers 1,756 4.75 3.07 1.05

2-Professionals 6,447 17.47 2.99 1.05

3-Technicians and associate professionals 4,615 12.50 3.13 1.04

4-Clerical support workers 4,089 11.08 3.09 1.03

5-Service and sales workers 5,248 14.22 3.22 1.04

6-Skilled agricultural, forestry and fishery workers 1,583 4.29 3.52 1.02

7-Craft and related trades workers 6,672 18.08 3.34 1.02

8-Plant and machine operators, and assemblers 3,253 8.81 3.40 1.02

9-Elementary occupations 3,235 8.77 3.47 1.01

Total 36,946 100.00

Table 3 presents the distribution of major occupational groups in the sample along with

the corresponding mean and standard deviation of Self-perceived poor health. Among the

various categories, "Craft and related trades workers" emerges as the most populous group,

3 The tenth category contains the "Armed forces occupations".
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comprising nearly 20% of the total interviewees. In contrast, "Armed forces occupations"

exhibit minimal representation in the data. As expected, the analysis reveals that individuals

in the "Managers" and "Professionals" categories on average report better overall health.

Conversely, those employed in "Elementary occupations" and "Skilled agricultural, forestry

and fishery workers" are more likely to report poorer health status.

2.1.3 Occupational stressors

Jobs encompass a variety of multidimensional occupational stressors. To accurately eval-

uate the influence of physical expenditure, it is crucial to account for other simultaneous

stressors. Specifically, apart from physical expenditure, we consider additional measures of

occupational stressors at the 4-digit ISCO code level. These measures include psychosocial

stress, exposure to carcinogenic agents, and the nature of the job routine.

First, the physical activity required on the job tasks is recovered from Deyaert et al. (2017).

They encode the physical activity energy expenditures by means of Metabolic Equivalent

of Task (METs). The MET values convey the ratio of the work metabolic rate to the

standard resting metabolic rate and thus indicate how physically demanding an activity is

in comparison to a condition at rest. Specifically, the energy cost of sitting quietly is 1

MET, whereas, walking at a very low speed in the office costs an energy equivalent of 2

METs. For instance, table 4 shows that "University and higher education teachers" (ISCO-

08 code 2310) have an average of 1.58 METs. Again, table 4 can be insightful on how this

measure is determined. First, for each ISCO code are retrieved the job-specific tasks from

the ISCO classification document ILO (2012). Then, for each task are recovered the physical

activity energy expenditures from the standardized list of activities in Ainsworth et al. (2011)

Compendium4. Finally, the physical activity energy expenditure for each 4-digit ISCO code

4 The MET values in the Compendium are applicable to healthy, able-bodied adults between the ages
of 18 and 65, but they are unable to calculate the precise energy cost of physical activities for individuals
according to body mass, adiposity, age, gender, movement efficiency, and the working environment in which
the activities were performed.
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is averaged over the job-specific tasks.

This approach enables a comprehensive understanding of the lifetime physical strain en-

countered at work by each individual, largely surpassing the level of detail found in prior

literature. Furthermore, since the METs are retrieved from an external source, they do not

relate to the self-reported outcome measures.

Table 4: Job-specific tasks for "University and higher education teachers”.

Task Task Abbrevia-
tion

Compendium Code and La-
bel

MET
Value

(a) Designing and modifying curricula
and preparing courses of study in ac-
cordance with requirements

Designing cur-
riculum, lessons
and activities

9060 ’sitting, studying,
general, including reading
and/or writing, light effort’

1.3

(b) Preparing and delivering lectures
and conducting tutorials, seminars and
laboratory experiments

Delivering lec-
tures

11,791 ’walking on job, less
than 2.0 mph, very slow
speed, in office or lab area’

2

(c) Stimulating discussion and indepen-
dent thought among students

Stimulating dis-
cussion

11,791 ’walking on job, less
than 2.0 mph, very slow
speed, in office or lab area’

2

(d) Supervising, where appropriate, ex-
perimental and practical work under-
taken by students

Supervising of
students, staff
and colleagues

11,791 ’walking on job, less
than 2.0 mph, very slow
speed, in office or lab area’

2

(e) Administering, evaluating and
marking examination papers and tests

Marking papers
and tests

9040 ’sitting, writing, desk
work, typing’

1.3

(f) Directing research of post-graduate
students or other members of depart-
ment

Directing and
participating in
research

11,585 ’sitting meetings,
light effort, general, and/or
with talking involved’

1.5

(g) Researching into and develop-
ing concepts, theories and operational
methods for application in industrial
and other fields

Desk based re-
search

9040 ’sitting, writing, desk
work, typing’

1.3

(h) Preparing scholarly books, papers
or articles

Preparing pa-
pers

9040 ’sitting, writing, desk
work, typing’

1.3

(i) Participating in departmental and
faculty meetings and in conferences and
seminars

Meetings 11,585 ’sitting meetings,
light effort, general, and/or
with talking involved’

1.5

Job-specific tasks from the ISCO-08 job classification for "University and higher education teachers” (ISCO-
08 code: 2310).

Further, we rely on the Job Exposure Matrix (JEM) developed by Kroll (2015) to control

for psychosocial stress and carcinogenic agents exposure in the workplace. The JEM is
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derived from a large-scale representative survey conducted in 2006 by the German Federal

Institute for Vocational Education and Training (BIBB). In detail, the psychosocial stress

metric (1 to 10) combines information regarding mental stress (overwhelmed, disappointed,

low fault tolerance at work), social pressure (conflicts with colleagues or superiors, lack of

control options), and time pressure (time pressure, shifts, excessively long working hours).

Similarly, the carcinogenic agents’ exposure metric (1 to 10) determines the decile of each

4-digit ISCO code job to the exposure to toxins, gases, and climatic stress.

Another important dimension to consider is the job-specific tasks’ routine. The repetition of

manual tasks in poor ergonomic conditions may influence health regardless of the required

physical effort. Similarly, easy repetitive cognitive tasks may impact mental health. Mihaylov

and Tijdens (2019) allows assigning to each 4-digit ISCO code both the manual and cognitive

routine of the tasks. They start from the ISCO classification that comprises a total of

3,264 tasks, which are categorized as either manual or cognitive routines, depending on their

susceptibility to replacement by computer-controlled technology. Subsequently, the shares of

manual and cognitive routine tasks are calculated for each specific 4-digit ISCO occupation.

An important data limitation relates to the fact that all the above-mentioned occupational

stressors are valid for the first decade of 2000. Automation and other time changes might

have influenced the occupational stressors required for any job.

2.1.4 Other control variables

Ignoring other individual characteristics might spuriously associate occupational stressors

with health.

Family background plays a significant role as an indicator of lifetime outcomes (Currie,

2009; Case et al., 2002, 2005). In order to account for this mechanism, we utilise a range of

retrospectively asked questions that capture childhood conditions between the ages of 10-15.

These questions help to control for the influence of family background on the variables under
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consideration. Firstly, we consider the occupation of the family’s breadwinner and attach

the METs (Metabolic Equivalent of Tasks) of their job to account for the intergenerational

transmission of job-related stressors. Additionally, we assess the socioeconomic status during

childhood by examining variables such as the number of rooms at home and the financial

situation at the age of 10. These factors provide insights into the economic circumstances

of the household during early life. To capture long-term potential outcomes, we examine

variables such as the number of books available in the household and the relative ability in

mathematics and language at the age of 10. These indicaotrs proved to be important to

understand the potential educational and cognitive advantages or disadvantages individuals

may have experienced during childhood (Brunello et al., 2017). Furthermore, we incorporate

a comprehensive set of childhood health conditions to control for the "permanent" or "initial

endowment" of health, which can influence both job selection and the long-term trajectory

of health outcomes. By considering these multifaceted childhood circumstances, we can

account for heterogeneity between different social classes, including factors such as selection

into specific jobs, individual preferences for future consequences, time preferences in general,

medical investments, harmful habits, and dietary habits.

Again, to ensure a comprehensive analysis, several socio-demographic variables are controlled

for in the study. These variables include gender, age at the time of the interview, country

of residence, year of birth, and marital status.

To account for the cumulative impact of work experience, we incorporate data on the total

number of years worked in the individual’s career up to the time of the interview. This

variable helps capture the accumulated exposure to various work-related factors over time.

Additionally, for the main job, we control for several factors including whether the job

was part-time, whether the individual was a civil servant, employed in a private company,

or self-employed. These distinctions help capture the different employment arrangements

individuals may have had and their potential influence on the variables under investigation.
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Furthermore, we include industry fixed effects using the NACE code to control for the specific

industry in which individuals are employed. Moreover, it is crucial to control for the number

of job changes individuals have made during their careers. This measure captures important

unobserved heterogeneity and helps account for any potential confounding factors related to

job mobility and its impact on the outcomes of interest.

Finally, in a robustness section, we include controls for various healthy habits. These habits

encompass ever smoking daily, leisure time physical inactivity, and the frequency of con-

suming dairy, legumes/eggs, meat, and fruit. Accounting for individuals who smoked daily

allows us to control for differences in harmful health behaviours. Similarly, examining eating

and leisure time physical habits serves as proxies to identify individuals who are more likely

to engage in protective health behaviours.

The extensive set of controls included in the analysis aims to address potential unobserved

heterogeneity that may affect the relationship between occupational stressors and health out-

comes. These controls account for various socio-demographic factors, childhood conditions,

cumulative work experience, job characteristics, industry fixed effects, and healthy habits.

By incorporating these controls, we aim to minimize confounding effects and provide a more

accurate assessment of the impact of occupational stressors on health. Moreover, the long

retrospective nature of the data allows us to investigate whether individuals self-select into

occupations based on their inherited socioeconomic and health characteristics during their

youth.

2.2 Descriptive statistics: MET

We now show the descriptive statistics related to the MET. MET is computed as the weighted

average of the Metabolic Equivalent of the Task considering the years spent in each job spell.
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Figure 1: Metabolic consumption.

LEFT: Weighted average of the metabolic consumption and the first 3 job episodes. RIGHT: Weighted

average of metabolic consumption by gender.

Figure 1 illustrates a gradual decrease in MET values when individuals change jobs. Overall,

the gradual decrease in MET values observed in figure 1 can be attributed to a combination

of factors, including job transitions towards better positions with lower physical demands and

the influence of age-related health limitations prompting individuals to seek less physically

demanding occupations. Next, figure 1 shows that men are more exposed to more physically

involved jobs.

Figure 2: MET by country and MET of the first job by industry of the first job.
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Figure 2 highlights that the block of Eastern countries experienced on average more physically

involved jobs. Moreover, the "Construction", "Agriculture", and "Mining" sectors are the

ones with larger METs. On the opposite, "Financial intermediation" is by far the less

physically involved.

Figure 3: MET by education (ISCED). MET by (current) household income by decile.

Figure 3 shows a clear educational gradient: education helps to achieve a less physically

involved job. Similarly, current household income is negatively related to lower MET.

Figure 4: MET by Self-perceived health and Max grip strength.

The descriptive statistics in figure 4 show that working in a more physically involved job is

related to both worse self-declared health and objectively measured grip strength.
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3 Identification issues

The major concern in claiming causality of on-the-job physical energy expenditure and health

regards the selection of individuals who are unhealthy or have unhealthy habits into occu-

pations with undesirable characteristics. If individuals with different habits and behaviours

also have varying likelihoods of retaining good jobs, reverse causality may introduce bias.

One way to deal with the identification of a causal effect in the literature involves a fixed

effects model based on within-individual deviations of occupational stressors and health

from their observed averages (Fletcher et al., 2011; Ravesteijn et al., 2018). However, this

approach may not fully capture the true relationship between exposure and health outcomes.

In detail, table 5 shows the number of jobs individuals held throughout their careers. Table

5-(a) indicates that over 75% of individuals had fewer than three job spells in their entire

career. Turning to table 5-(b), which focuses on the number of different 4-digit ISCO job

positions, it becomes evident that nearly 90% of the sample experienced fewer than three

types of occupations. Furthermore, Table 5-(c) reveals that more than 45% of the individuals

consistently worked in the same 1-digit ISCO code major category. Both the difference of

job positions and the variety of job tasks experienced by individuals were relatively limited,

indicating low job mobility.

Moreover, as table 6-(a) displays, the vast majority of job changes are made during early

adulthood. Only 10% of total changes are made after 50 years of age, and less than 1% after

age 60. In contrast, Table 6-(b) shows that most individuals (68.75%) report their first disease

after age 50 or do not report any disease at all. If most job mobility occurs early in life while

health changes emerge much later, then the lack of overlap between variation in job exposure

and the timing of health outcomes weakens the ability of a panel model to capture meaningful

associations. Previous literature used panels with few time observations leading to the risk

of capturing only deviations from the mean of health. Moreover, a fixed-effect model is

able to control for fixed unobserved heterogeneity but completely overlooks the time-varying
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components that are crucial when the entire lifetime is considered. This is particularly

concerning as the results do not differentiate between self-selection into occupations and

time-varying changes, such as on-the-job network effects or habit adaptation to stressful

tasks or working hours.

Table 5: Number of jobs.

(a)

N jobs Freq % Cum %

1 11686 31.63 31.63

2 9669 26.17 57.8

3 6446 17.45 75.25

4 4030 10.91 86.16

5 or more 5115 13.84 100

Total 36946 100

(b)

N jobs

(4-digit ISCO)

Freq % Cum %

1 14367 38.89 38.89

2 11047 29.9 68.79

3 6456 17.47 86.26

4 2958 8.01 94.27

5 or more 2118 5.73 100

Total 36946 100

(c)

N jobs

(1-digit ISCO)

Freq % Cum %

1 16962 45.91 45.91

2 12024 32.54 78.46

3 5694 15.41 93.87

4 1760 4.76 98.63

5 or more 506 1.37 100

Total 36946 100

(a): Total number of jobs experienced over the entire career. (b): Total number of unique 4-digit ISCO
jobs experienced over the entire career. (c): Total number of unique 1-digit ISCO jobs experienced over the
entire career.

Table 6: Job mobility and diseases by age.

(a)

Age Job changes % Cum %

10-20 5224 11.57 11.57

21-30 15809 35.02 46.59

31-40 11299 25.03 71.61

41-50 8302 18.39 90

51-60 4117 9.12 99.12

61-70 397 0.88 100

Total 18120 100

(b)

Age First disease % Cum %

10-20 1297 3.43 3.43

21-30 1705 4.51 7.95

31-40 2793 7.39 15.34

41-50 6010 15.91 31.25

51-60 7708 20.41 51.66

61-70 4011 10.62 62.28

No Disease 14247 37.72 100

Total 18120 100

(a): Total number of jobs changes by age groups. (b): First disease by age group.

The vast amount of information provided by SHARE allows us to deeply investigate the initial

and subsequent selection into specific jobs. Figure 5 shows that selection into the first job5 is

highly related to socioeconomic status during childhood. The intergenerational transmission

of job stressors is clear from figure 5. On average, children with parents experiencing larger

5 The same identical insights are retrieved if the weighted average of MET consumption of the entire
career.
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energy expenditure in the jobs (METs) are also more likely to work in more physically

demanding jobs. Next, figure 5 shows that the starting health condition during childhood

selects individuals with worse health into jobs which are less physically demanding. Finally,

plots in figure 5 show that childhood ability, proxied by books and relative position in maths

and language, are important determinants of physical expenditures on the first job. In

particular, a higher number of books and greater ability are associated with a reduced level

of MET experienced in the initial job.

Controlling for early childhood conditions is important since they are likely to be related not

only to selection into jobs but also to other characteristics (e.g. healthy habits) which are

directly related to the dynamics of health. Being able to control for them clearly mitigates

the omission of important information in determining both the selection into jobs and lifetime

behaviour.

Figure 5: Childhood conditions and socioeconomic status.

For the breadwinner’s MET and the childhood’s percentile health it is used an Exponentially Weighted
Moving Average (EWMA) (with span 10) to provide a more interpretable descriptive.

Another important point here is that these conditions are likely to be exogenous exogenous

to individuals’ decisions. Moreover, since as we reported individuals have limited number
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of job types in their whole career, the first placement is important in determining lifetime

occupational stressors.

Besides self selection into occupations, also reverse causality could threat identification of

a causal relation. This can occur through two possible channels. First, individuals with

poorer health might face challenges in retaining good jobs, leading to transitions into worse-

off jobs. Second, declining health may limit the pool of available jobs requiring a minimum

health threshold, prompting individuals to move toward less demanding occupations. Table 7

reveals that the data does not support the previous hypotheses. Specifically, individuals with

initially poorer health—those more likely to face challenges in job retention and more prone

to health deterioration—both start and conclude their careers in jobs with lower MET scores.

However, the difference-in-differences analysis of MET scores between first and last job of

individuals with better and worse childhood health conditions shows that this difference is

not statistically significant.

Table 7: Differences in METs in the first and last job by childhood health conditions.

Better Worse

Childhood Health Childhood Health Difference t-test

Mean Std error Mean Std error

MET first job 2.407 0.005 2.310 0.009 0.097 8.975***

MET last job 2.347 0.005 2.247 0.008 0.110 10.689***

Difference (First - Last) 0.060 0.0071 0.063 0.0120 -0.003 -0.215

Ttest for the difference in means of the METs in the first and last job according to initial Childhood
Health conditions. Better Childhood Health contains 0-74 percentiles, whereas Worse Childhood Health the
remaining 75-100 percentiles.

4 Estimation

We posit the standard linear model and estimate it through OLS:

yi = β0 + β1Si + β2Xi + ui, (1)
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where yi is the health outcome and ui is the error term. β1 is the vector of the effects on

the health of increasing the job-specific stressors (Si) and contains the main variables of

interest. Xi contains the large set of controls containing the socio-demographic conditions,

childhood conditions, job details, and healthy habits. To account for the lifetime aspect of

the analysis, the occupational stressors are a weighted mean by considering the years worked

in each occupation. To account for the serial correlation in the error term, standard errors are

clustered at the 4-digit ISCO code (unit groups), i.e., the level of variation in occupational

stressors. We use the SHARELIFE wave 7 sample weights to account for the survey design.

4.1 Baseline results

The estimates of equation 1 are reported in table 8. The estimated effect of lifetime physical

expenditure (MET)6 is a reduction in the self reported health score at old age health of

0.140, which is roughly equivalent to the effect of ageing 5 years if no other controls are

considered.7 Similarly, exposure to carcinogenic agents and working in routine manual jobs

detrimental effect on older ages’ self reported health is equivalent to ageing by 0.48 and 10.30

years respectively. On the opposite, more on-the-job psychosocial stress results in increased

health as being younger by 0.41 years. Nevertheless, once we control for the other important

confounding factors for selection into occupations, only the physical expenditure (MET)

remains statistically significant. The baseline result in column (4)8 of table 8 is roughly

one-third of the initial estimate. The baseline effect (table 8 column (4)) of 0.086 can be

interpreted as an effect of ageing 3.23 additional years.9

To further gain insights about the importance of the confounding variables in explaining the

6 The increase of MET by one unit is (almost) equivalent of switching from the effort of "Dental assistants
and therapists" (MET = 2) to a "Hand packers" (MET = 3.10).

7 We compute the effect of age on health by running a linear regression estimation of Self-perceived poor
health on age (Ravesteijn et al., 2018). An additional year increases the Self-perceived poor health outcome
(negative impact) by 0.0266 years.

8 Even though Column (5) in Table 8 controls for additional factors, our baseline Column (4) provides
similar results without discarding too many observations.

9 To rule out the fact that results are driven by the way job stressors are coded, in the appendix (section
A.2.1) we harmonize them to deciles. Results remain robust.
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variation in health outcome, in figure 6 we present the Shapley and Owen values (Huettner

and Sunder, 2012; Roth, 1988; Owen, 1977). Shapley and Owen’s values are two methods

commonly used in cooperative game theory to allocate the contribution of any given player

within a cooperative game. Specifically, they consider all possible coalitions and calculate

the marginal contribution of each player to each coalition. In the context of an OLS re-

gression, coalitions can be thought of as combinations or subsets of predictor variables that

work together to explain the variation in the dependent variable. As expected, the country

and the age are explaining the vast majority of the variation in health. Childhood condi-

tions regarding health and SES individually explain almost 10% of the variance in old age

health.10 Again, within the occupational stressors, MET is explaining slightly more than

2%, in contrast to the other measures that approach zero.

10 For the sake of computational time, childhood SES status is calculated by a Principal Component
Analysis using the following childhood conditions: rooms per capita, number of books, ability in math,
ability in language, family was pretty well off financially.
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Table 8: Main results.

(1) (2) (3) (4) (5)

sphus sphus sphus sphus sphus

MET 0.140*** 0.089*** 0.099*** 0.086*** 0.091***

(0.023) (0.022) (0.019) (0.017) (0.020)

Psychosocial stress -0.011** -0.010** -0.007 -0.004 -0.008

(0.005) (0.005) (0.005) (0.005) (0.006)

Carcinogenic exposure 0.013** 0.009 0.013*** 0.009** 0.010*

(0.006) (0.006) (0.004) (0.005) (0.006)

Routine manual 0.274*** 0.167** 0.058 0.032 0.097

(0.072) (0.072) (0.059) (0.063) (0.077)

Routine cognitive 0.047 0.006 0.035 0.008 -0.036

(0.054) (0.053) (0.048) (0.047) (0.053)

Constant 2.830*** 3.080*** 0.032 -0.048 2.200***

(0.061) (0.099) (2.493) (2.550) (0.307)

Socio-demo ✓ ✓ ✓ ✓

Child ✓ ✓ ✓

Job ✓ ✓

Habits ✓

Observations 36,946 29,988 29,988 29,917 20,422

R-squared 0.019 0.063 0.143 0.164 0.180

OLS regressions of Self-perceived poor health outcome on job stressors. Standard errors clustered at the
4-digit ISCO code level of the main job. Used SHARELIFE wave 7 sample weights.
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Figure 6: Shapley values.

Shares of explained variance (R2) of the OLS model by each regressor variable computed by Shapley and
Owen values.

4.2 Robustness

These estimates should be interpreted cautiously, given the difficulties in establishing causal-

ity in this context. However, we conduct multiple robustness checks on the effect of MET,

indicating that any bias is likely small and that our estimates are plausibly indicative of a

causal link.

So far, our analysis leverages an extensive set of pre-labour market childhood and family

conditions, including typically unobserved measures, which strengthens our ability to address

potential selection bias. Next, we use this rich information to assess the role of unobservables

relative to observables, applying Oster (2019) bounds to challenge the results. We then test

the robustness of the findings using the instrumental variable approach proposed by Lewbel

(2012).
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4.2.1 Oster-test for Omitted Variable Bias

The underlying idea of the Oster test is to uncover the omitted variable bias by using the

change in coefficients and in R-squared before and after controlling for observed confounding

factors. This test is specifically designed for cases in which the link between treatment and

unobservables can be fully recovered from the relationship between treatment and observable

confounding variables (Altonji et al., 2005). This approach suits our context owing to the

wide set of variables controlling for a large set of possible selection issues. The objective is to

compute a value δ such that the treatment effect β is equal to 0, where δ represents the extent

of selection on unobservable factors relative to observable factors required to completely

eliminate the treatment effect. A value of δ = 1 would indicate that the unobservable

variables would need to be as influential as the observed controls to entirely nullify the

estimated treatment effect β.

To identify a value for δ, we have to set the hypothetical maximum value the R-squared

could reach by controlling for all observed and unobserved components. In social sciences

(especially when survey data is used) the R-squared is rarely equal to one owing to measure-

ment error or to idiosyncratic variation in the outcome variable. Following the insights of

Oster (2019), we impose the maximum R-squared equal to 1.5 times the R-squared of the

regression with the full set of controls.

Table 9: Oster bounds.

Sphus δ R2 Max R2

MET 1.45 0.164 0.246

Delta Oster bound. The outcome is the self-perceived poor health outcome, whereas the occupational stressor
is MET. The assumed R2 is equal to 1.5 the R2 of the regression with full controls.

Table 9 shows the δs for MET when the outcome is the self-perceived poor health outcome.

To invalidate the effect of MET on health, the importance of the unobserved components

should be around 145% of the observed characteristics. Given the extensive set of controls,
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including typically unobserved variables, this result is quite reassuring.

4.2.2 Intrumental variable approach

To further provide evidence about the fact that results are not driven by endogenous selection

into occupations, we employ an instrumental variable approach. In our particular setting,

identifying plausible exclusion restrictions is challenging, as it is hard to believe that variables

influencing occupational choice would not also affect individual health. To overcome this

issue, we rely on Lewbel (2012) who proposes an instrumental variable approach that can be

used when external IVs are weak or unavailable. This method leverages heteroskedasticity in

the error term of the first-stage equation, which can be empirically tested using the Breusch

and Pagan (1979) test. Specifically, to construct the identifying instruments, the Lewbel IV

approach employs deviations from the mean of a vector of independent variables, interacted

with the residuals from the first-stage regression.11

This approach has been widely employed in the health economics literature (Kelly et al.,

2014; Hollard and Sene, 2016; Awaworyi Churchill et al., 2019; Ma, 2019; Feeny et al., 2021),

with findings suggesting that the internally constructed instruments consistently yield results

comparable to those from standard external instruments.

We exploit the heteroskedastic nature of the residuals to generate internal instruments for

instrumenting the physically demanding requirements measured through MET. We use socio-

demographic and childhood conditions as the basis for constructing the internal instruments.

The Breusch and Pagan test in Table 10 shows a clear rejection of the null hypothesis of

homoskedastic errors, with p-values approaching 0, indicating strong heteroskedasticity and

thus reinforcing the validity of the approach in this context. The large F-statistics indicate

that the internal instruments exhibit strong explanatory power for MET, enhancing the

reliability of the IV estimates by minimizing concerns of weak instrument bias. Finally, the

Sargan-Hansen test of overidentifying restrictions does not reject the exclusion restriction

11 Refer to Lewbel (2012) for further technical details.
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associated with the internal IVs, providing further empirical evidence supporting the validity

of the instruments.

In Table 10, the results indicate that the MET effect estimate derived from the Lewbel

approach is precisely estimated and not statistically different compared to the OLS estimates

(0.085 vs. 0.086). This suggests that in our setting occupational selection and reverse

causality are not key determinants of the health differences observed.

Table 10: OLS and Lewbel IV estimates

(1) (2)

OLS IV

sphus sphus

MET 0.086*** 0.085***

(0.017) (0.019)

Observations 29,917 29,532

Breusch and Pagan p-value 0.00

F stat 4105.428

Hansen J p-value 0.48

R-squared 0.164 0.142

(1) OLS regressions of Self-perceived poor health outcome on job stressors, (2) Lewbel IV for the MET, using
the exogenous childhood conditions and demographic controls as the base for internal instruments. Baseline
controls contain socio-demographic variables, childhood conditions, and job characteristics. Standard errors
clustered at the 4-digit ISCO code level of the main job. Used SHARELIFE wave 7 sample weights.

4.3 Additional results

4.3.1 Gender analysis

In order to account for differences in career development, reporting styles, and health dy-

namics, the results for MET12 are presented also by gender (table 11). The effects are

clearly heterogeneous. Women are suffering much more if compared to men. Once sociode-

mographic, childhood, and job characteristics are taken into account, the effect of MET is

more than double for women if compared to men (0.123 vs 0.057). This is equivalent to

12 The other job stressors are included in the "Job" controls since they do not present any statistically
significant effect.
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ageing 4.63 and 2.11 additional years for each additional MET, respectively for women and

men.

One possible explanation for the observed gradient may be related to the different biologi-

cal gender characteristics. As a matter of fact, previous literature shows that the effect of

physical work is more detrimental to more physically fragile individuals (Holtermann et al.,

2010). Specifically, the effect of more physically involving tasks performed by women may

have a more detrimental effect on their health. However, an alternative explanation involves

selection into different jobs, i.e., women perform physically involved tasks which have differ-

ent features with respect to men. This can be also the reason why the effect of carcinogenic

agents’ exposure is significant only for men (effect equivalent to ageing 0.91 years). This

alternative hypothesis is explored in section 5 to highlight the importance of investigating

the phenomenon at a more granular level.

Table 11: Results by gender.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

sphus sphus sphus sphus sphus sphus sphus sphus sphus sphus

Women Men

MET 0.223*** 0.137*** 0.143*** 0.123*** 0.144*** 0.095*** 0.070** 0.069*** 0.057*** 0.049*

(0.032) (0.030) (0.025) (0.026) (0.034) (0.024) (0.028) (0.023) (0.022) (0.027)

Psychosocial stress -0.020*** -0.011 -0.001 0.003 0.001 -0.014* -0.017** -0.011 -0.009 -0.015*

(0.007) (0.007) (0.006) (0.007) (0.009) (0.008) (0.008) (0.007) (0.007) (0.009)

Carcinogenic exposure 0.021*** 0.010 0.006 -0.002 -0.003 0.027*** 0.023*** 0.023*** 0.024*** 0.028***

(0.008) (0.008) (0.006) (0.006) (0.008) (0.007) (0.008) (0.006) (0.007) (0.008)

Routine manual 0.238** 0.082 -0.051 -0.094 -0.046 0.243** 0.202* 0.117 0.122 0.188

(0.095) (0.089) (0.071) (0.081) (0.102) (0.096) (0.104) (0.095) (0.098) (0.123)

Routine cognitive 0.076 0.053 0.107* 0.025 0.032 0.021 -0.030 0.003 0.014 -0.082

(0.079) (0.069) (0.060) (0.056) (0.063) (0.078) (0.085) (0.073) (0.067) (0.080)

Constant 2.718*** 3.078*** 3.093** 3.587** 2.215*** 2.822*** 2.933*** 1.914*** 1.937*** 1.285***

(0.087) (0.132) (1.334) (1.386) (0.387) (0.071) (0.147) (0.232) (0.273) (0.357)

Socio-demo ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Child ✓ ✓ ✓ ✓ ✓ ✓

Job ✓ ✓ ✓ ✓

Habits ✓ ✓

Observations 20,318 16,520 16,520 16,475 11,352 16,628 13,468 13,468 13,442 9,070

R-squared 0.026 0.081 0.167 0.193 0.217 0.021 0.057 0.144 0.179 0.203

OLS estimates of the effect of MET on Self-perceived poor health outcome by gender. Standard errors
clustered at the 4-digit ISCO code level of the main job. Used SHARELIFE wave 7 sample weights.
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4.3.2 Other health outcomes

Health is a multidimensional phenomenon, and defining which facet is more important is not

straightforward. For the baseline estimate, we employed the measure which is mostly used

in literature, i.e., Self-perceived poor health. However, the other dimensions could not have

been impacted or hit in different directions. The robustness of the main results is shown in

table 12 which contains the other available most important standard health outcomes: ADL,

IADL, GALI13, Mobility limitations, objectively measured maximum grip strength, chronic

diseases, BMI, ever-had disability injury, and if health problems limits work. Results are

almost always statistically significant. Moreover, the point estimates tend to be larger for

women.

Table 12: Results for other health outcomes.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

VARIABLES sphus adl iadl gali mobility maxgrip chronic bmi Disability injury Health limits work

MET - All 0.086*** 0.010 0.048*** 0.033*** 0.158*** -0.185 0.074*** 0.432*** 0.012** 0.044***

(0.017) (0.012) (0.016) (0.009) (0.038) (0.146) (0.026) (0.116) (0.006) (0.007)

MET - Women 0.123*** 0.000 0.064*** 0.043*** 0.191*** -0.433** 0.106*** 0.596*** 0.009 0.027**

(0.026) (0.015) (0.024) (0.013) (0.053) (0.189) (0.036) (0.151) (0.008) (0.012)

MET - Men 0.057*** 0.023 0.044** 0.023* 0.138*** -0.130 0.078** 0.336*** 0.012* 0.056***

(0.022) (0.017) (0.022) (0.012) (0.047) (0.197) (0.036) (0.124) (0.007) (0.011)

Observations - All 29,917 29,917 29,917 29,917 29,917 27,867 29,917 29,917 29,914 26,569

R-squared - All 0.175 0.055 0.072 0.134 0.162 0.131 0.194 0.075 0.063 0.143

OLS regression of other health dimensions on MET. Specification from column (4) in table 8.

Next, we investigate the impact of various diseases on health. To achieve this, we analyse in-

formation regarding diseases experienced at least once throughout the individuals’ lifetimes.

We examine the effect of one additional MET on the probability of reporting a disease.

Again, we show also the effect on the first age of the disease, conditional on reporting the

disease. The results are presented in Tables 13 and 14. Exposure to one additional MET

is associated with both an increased probability and an earlier onset of some diseases. The

effects are heterogeneous by gender. Consistent with previous studies (Holtermann et al.,

13 Dummy indicating any limitations with activities.
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2010; Krause et al., 2015), men engaged in physically demanding tasks are 1.8% more likely

to experience a heart attack. Additionally, men are slightly more likely to developing high

cholesterol, strokes, and emotional disorders. Again, men anticipate by almost 5, 3, and 2

years the first time they experience hip fractures, emotional disorders, and osteoarthritis,

respectively. In contrast, women who undertake physically demanding tasks in their careers

are more likely to experience hypertension (3.5%) and diabetes (4.2%). Moreover, women

anticipate the onset of hypertension, diabetes, and hip fractures by 1.5, 1.4, and 5 years,

respectively.

Table 13: Results for diseases, I.

Heart attack Hypertension Cholesterol Stroke Diabetes Lung Cancer Stomach Parkinson

MET - All - Probability 0.012** 0.020* 0.008 0.006* 0.009 0.002 0.004 0.000 -0.001

MET - All - First age 0.035 -0.858*** 0.588* -1.280** -0.281 -0.002 -0.458 -0.518 -5.277***

MET - Women - Probability 0.005 0.035*** 0.006 0.001 0.042*** 0.005 -0.001 -0.002 0.000

MET - Women - First age -0.379 -1.541*** 0.294 -1.677* -1.419** 1.054 -0.257 3.111** -8.604

MET - Men - Probability 0.018** 0.017 0.017* 0.011* -0.009 0.002 0.004 0.002 -0.000

MET - Men - First age 0.010 -0.665* 0.564 -1.088 0.613 1.149 -0.129 -2.500* -0.033

Observations 29,886 29,886 29,892 29,805 29,805 29,805 29,805 29,805 29,805

R-squared 0.175 0.122 0.149 0.076 0.082 0.064 0.040 0.056 0.018

OLS regression of diseases experienced at least once on MET. The analysis is conducted both on the proba-
bility of reporting a disease and the first age of the disease, conditional on reporting the disease. Specification
from column (4) in table 8.

Table 14: Results for diseases, II.

Cataracts Hip Other Alzheimer Emotional Rheumatoid Osteoarthritis Kidney

fractures fractures disorders arthritis

MET - All - Probability -0.004 -0.003 -0.000 -0.000 0.009* -0.004 0.012* 0.002

MET - All - First age -1.045** -4.790*** -1.164 1.518** -0.652 -0.388 -0.951** 0.032

MET - Women - Probability -0.004 -0.004 -0.000 -0.001 0.003 -0.001 0.018 0.004

MET - Women - First age -0.494 -5.395** -0.105 0.406 0.362 0.248 0.420 -1.531

MET - Men - Probability -0.006 -0.004 0.003 0.002 0.014** -0.001 0.011 -0.001

MET - Women - First age -1.517** -4.912*** -2.060* 0.045 -3.181** -0.195 -2.076*** 2.395

Observations 29,805 29,805 29,805 29,805 29,805 29,805 29,805 29,805

R-squared 0.078 0.056 0.039 0.032 0.082 0.077 0.119 0.039

OLS regression of diseases experienced at least once on MET. The analysis is conducted both on the proba-
bility of reporting a disease and the first age of the disease, conditional on reporting the disease. Specification
from column (4) in table 8.
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4.3.3 Estimation through Causal Forest

Another possible concern regards functional form misspecification. To control if interaction

terms and non-linearities play an important role in the basic linear model, we run a Causal

Forest within the Generalized Random Forest algorithm (Athey et al., 2019). The Causal

Forest allows us to perform a more flexible estimation and in addition, does not throw

away observations with missing controls allowing us to keep roughly 20% more observations.

Furthermore, the Causal Forest estimates individual treatment effects which can be used to

perform a calibration test for the validity of the "treatment effect". Table 15 shows that the

main difference between OLS and Causal Forest is that the point estimates of the OLS are

systematically smaller. This suggests that any bias due to misspecification of the functional

form likely leads to an underestimation of the overall impact of occupational stressors on

health. Nevertheless, it is reassuring that the economic interpretation of the findings remains

consistent, as the overall effects and significance tests are robust across the two estimators.

Next, table 16 presents the estimates and p-values of the calibration tests inspired by the

"best linear model" (Chernozhukov et al., 2018). An estimate close to 1 and statistically

different from 0 indicates that the individual treatment effects effectively explain the average

treatment effect. Notably, nearly all point estimates of the calibration tests are close to 1

and statistically different from 0, providing compelling evidence in support of the validity of

the estimated effects.

Table 15: OLS and Causal Forest estimates.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

VARIABLES sphus adl iadl gali mobility maxgrip chronic bmi Disability injury Health limits work

MET - All - CF 0.146*** 0.024 0.052** 0.059*** 0.226*** -0.456** 0.143*** 0.722*** 0.008 0.073***

MET - All - OLS 0.086*** 0.010 0.048*** 0.033*** 0.158*** -0.185 0.074*** 0.432*** 0.013** 0.044***

OLS regression and Causal Forest estimates of other health dimensions on MET. Specification from column
(4) in table 8.
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Table 16: Calibration test for the validity of the average treatment effect.

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

sphus adl iadl gali mobility maxgrip chronic bmi Disability injury Health limits work

Est 1.042 0.913 1.072 0.906 1.005 0.731 1.091 0.957 1.077 0.968

p-value 0 0.078 0.02 0.001 0 0.135 0.001 0.002 0.229 0

5 LASSO to detect the most harmful tasks

In this section, we introduce a novel approach based on the LASSO (Tibshirani, 1996)

estimator and granular job-specific tasks at 4-digit ISCO code. This approach serves a

dual purpose. Firstly, we develop a new "Job Strain Intensity" measure that incorporates

unobserved job characteristics, which are often more challenging to discern. This allows us to

strengthen the previous findings by providing additional evidence that careers involving more

physical demands tend to negatively impact health. Second, we establish a more granular

relation between job-specific tasks and health. This opens the door to generating a data-

driven list of tasks and 4-digit ISCO codes jobs that are more likely to adversely impact

health.

5.1 Granular job-specific tasks and LASSO estimator

The ISCO classification framework allows us also to further investigate the role of each job-

specific task on health. For each 4-digit ISCO code, ILO14 provides a list of job-specific

tasks. However, the tasks are not directly comparable with each other. To do so, we use the

categorisation proposed by Deyaert et al. (2017) which assigned each job-specific task to a

more homogenised task. For instance, the tasks of "serving on government administrative

boards or official committees" (1111 - Legislators), "participating in departmental and faculty

meetings and in conferences and seminars" (2310 - University and higher education teacher),

and "advising clients on legal matters" (3411 - Legal and related associate professionals) are

14 ILO, list of job-specific tasks.
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aggregated in the same homogenised task "Meetings". Overall, we rely on 302 homogenised

tasks (see section A.3 in appendix).

To understand which job-specific tasks are affecting more old-age Self-perceived poor health,

we rely on the LASSO estimation (Tibshirani, 1996). To control for selection into occupa-

tions, we residualise the data (taking out childhood characteristics) and run the LASSO on

the residualised data:

min
γ

(

1

N

N
∑

i=1

(ỹi − β0 −

q
∑

k=1

z̃ikγk)
2 + λ

q
∑

k=1

|γk|

)

(2)

where i denotes the individual, k the task, and q is the total number of homogenised tasks.

ỹi is the residualised health outcome of individual i obtained by taking out childhood char-

acteristics described in section 215. Similarly, z̃i is the residualised vector of tasks individual

i perform in the main job. λ is the shrinking/regularisation parameter.

The main idea is to regress the residualised self-perceived poor health outcome of the in-

dividuals in our dataset on the residualised 302 homogenised tasks performed in the main

job. The LASSO estimation perfectly suits our goal since we start from a huge sparse ho-

mogenised tasks matrix. To capture the tasks which are more harmful to health, we impose

a positive restriction on the sign of the coefficients γk. To determine the optimal parameter

λ we employ 100 cross-validations. To sum up, this approach detects 35 (out of the 302)

tasks that are more harmful to Self-perceived health (see table 17).

15 ỹi is obtained by yi− ŷi(Xchild) where ŷi(Xchild) is the y prediction using the childhood characteristics.
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Table 17: Harmful tasks detected by LASSO estimator.

• Advising on selling goods and
services, implied walking

• Carpentry light
• Carpet cleaning
• Cleaning kitchen, bathroom, toi-

let
• Cleaning stone walls/heavy out-

door
• Construction and restoration
• Coordination at workplace and

site (walking around standing)
• Designing and preparing

blueprints sketches machine lay-
outs

• Driving car/van
• Electrical work
• Grading/mixing tabacco/textile/produce

• Identifying, reporting and docu-
menting hazards (safety) compli-
ance, implied walking

• Maintenance repairs
• Making bed, cleaning bathroom
• Masonry concrete
• Monitoring equipment plant
• Negotiating contracts settle-

ments with stakeholders
• Operating coordinating control

room
• Operating auxilary plant
• Operating heavy duty equipment
• Physical care (bathing, dressing,

moving into and out of bed)
• Plumbing
• Preparing, cooking, serving

meals
• Receiving and verifying pay-

ments
• Routine lab tests
• Selecting and modifying com-

mercial products
• Stock control
• Sweeping, vacuum-cleaning, pol-

ishing and washing
• Tailoring by hand
• Unloading truck
• Vehicle maintenance/repair
• Walking, carrying heavy object
• Weighing goods and issues
• Farming
• Repair maintenance

The list in table 17 detects highly heterogeneous tasks. For instance, it contains white-collar

tasks such as "Advising on selling goods and services...", but also blue-collar tasks such

as "Construction and restoration" or "Electrical work". Even in jobs with similar charac-

teristics, the tasks required often have unique aspects that are not easy to compare. The

available indicators of occupational stressors may only serve as rough proxies for these differ-

ences. Moreover, researchers coding occupational stressors, often lacking direct experience,

are prone to errors and may omit crucial aspects of job conditions. Adopting a data-driven

methodology becomes crucial for a more reliable and comprehensive understanding of the

complexities of working conditions.

5.2 Job Strain Intensity

We create a data-driven indicator that captures occupational stressors, including those char-

acteristics that are more challenging to quantify. We call it Job Strain Intensity (JSI). To

construct it, we utilise the previous 35 tasks to calculate the proportion of harmful tasks

within each 4-digit ISCO code. This proportion represents the share of harmful tasks rela-
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tive to the total tasks associated with a specific 4-digit ISCO occupation16. By computing

this proportion for each 4-digit ISCO code, we aim to capture the intensity of job strain

experienced by individuals by solely relying on a data-driven approach.

Figure 7 displays the distribution of JSI. Around 35% of 4-digit ISCO codes show no harmful

tasks. Within this group of zero job strain intensity, table 18 illustrates that approximately

90% consists of white-collar occupations. On the contrary, the ISCO codes in the tenth

decile, representing the most intense job strains, are dominated by over 80% of blue-collar

ISCO codes.

Figure 7: Percent of job strain intensity for the 4-digit ISCO codes.

16 The implicit assumption is that all tasks within a 4-digit ISCO code are performed for equal amounts
of time.
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Table 18: Share of ISCO codes by Job Strain Intensity.

% of ISCO codes in
Zero

group

10th decile

group

1-Managers 0.06 0.00

2-Professionals 0.35 0.00

3-Technicians and professionals 0.23 0.09

4-Clerical support workers 0.16 0.00

5-Service and sales workers 0.08 0.09

6-Skilled agricultural 0.01 0.02

7-Craft and related trades workers 0.05 0.40

8-Plant and machine operators 0.01 0.32

9-Elementary occupations 0.04 0.08

Total 100 100

Share of ISCO codes conditional of being in the group of the 4-digit ISCO codes with zero job strain intensity
and the tenth decile containing the most affected ISCO codes.

This new measure captures the variability of working conditions between 4-digit ISCO codes.

To show the validity of this measure, figure 8 presents the average job strain intensity cat-

egorised by 1-digit ISCO codes. As expected, blue-collar workers exhibit higher job strain

intensity, aligning with the widely recognised distinction between white-collar and blue-collar

work environments.
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Figure 8: Average job strain intensity by 1-digit ISCO codes.

5.3 Estimation results controlling for Job Strain Intensity

The central aspect of our identification strategy hinges on the comprehensive inclusion of

a large set of confounding variables to address potential selection biases. JSI, by design,

controls in a data-driven way for the most health-detrimental working conditions. Hence, we

control also for the JSI to further substantiate that the physical expenditure (MET) is indeed

driving the results and to eliminate the possibility of other unobserved job characteristics.

Table 19 displays the results. The large and positive coefficient 0.116 of Job Strain Intensity

(equivalent to an ageing effect of 4.36 years17) confirms that the LASSO procedure effectively

identifies a relevant health-impairing occupational index. Despite this, the Job Strain Inten-

sity explains only a minimal portion of the variance accounted for by MET. The introduction

of JSI reduces the MET coefficient from 0.086 to 0.076 (equivalent to an ageing effect of 3.23

and 2.85 years, respectively), providing evidence that the MET effect is not confounded by

17 Let us recall that ageing one additional year corresponds to an effect of 0.0266 on Self-perceived health.
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unobserved occupational stressors.

To rule out the the possibility of in-sample overfitting, in appendix section A.4, we run an

out-of-sample analysis that further provides robustness of the results in table 19.

Table 19: Main results with Job Strain Intensity.

(1) (2)

sphus sphus

Job Strain Intensity 0.116***

(0.037)

MET 0.086*** 0.076***

(0.017) (0.017)

Psychosocial stress -0.004 -0.003

(0.005) (0.005)

Carcinogenic exposure 0.009** 0.007

(0.005) (0.005)

Routine manual 0.032 0.029

(0.063) (0.063)

Routine cognitive 0.008 0.031

(0.047) (0.046)

Constant -0.048 0.195

(2.550) (2.534)

Observations 29,917 29,885

R-squared 0.164 0.165

OLS regressions of Self-perceived poor health outcome on job stressors, including the Job Strain Intensity.
Standard errors clustered at the 4-digit ISCO code level of the main job. Used SHARELIFE wave 7 sample
weights.

5.4 Most harmful tasks and jobs

The current approach not only allows for a more detailed analysis but also opens up avenues

for practical insights and recommendations in addressing current policy issues.

For instance, instead of tuning the penalisation term λ to minimise the predictive error as

in the standard LASSO approach, we impose the penalisation term λ to provide the 5 most

impacting tasks. This procedure detects the following tasks as the most predictive in health

deterioration:
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• Cleaning kitchen, bathroom, toilet

• Identifying, reporting and documenting hazards

• Operating heavy duty equipment

• Farming

• Repair / maintenance

Tables 20 and 21 display the 4-digit ISCO code jobs that include at least one of the five

most detrimental tasks identified by the LASSO analysis. The first harmful task, "Clean-

ing kitchen, bathroom, toilet," encompasses cleaning-related activities and is predominantly

carried out by women. Next, the "Identifying, reporting and documenting hazards" task

contains a large set of 78 4-digit ISCO codes. This category is the most general and includes

workers responsible for documenting hazards in the job environment. Further, the task "Op-

erating heavy-duty equipment" involves workers from the "Plant and machine operators"

major group who handle particularly heavy equipment. The "Farming" task embodies farm-

ing workers. Then, the "Repair / maintenance" task includes maintaining farm buildings,

machinery, equipment, and structures.
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Table 20: Jobs related to the tasks detected by the LASSO procedure, I.

4-digit ISCO code ISCO Label MET OSI CAI RM RC JSI
Share

men

Total

workers

Task: Cleaning kitchen, bathroom, toilet

5120 Cooks 2.33 7.0 8 0.11 0.22 0.50 0.17 410

5151 Cleaning and housekeeping supervisors in office... 2.39 6.0 8 0.00 0.22 0.17 0.12 52

5152 Domestic housekeepers 2.53 7.0 8 0.00 0.27 0.12 0.05 41

9111 Domestic cleaners and helpers 2.39 7.0 7 0.00 0.00 0.14 0.00 302

9112 Cleaners and helpers in offices, hotels and oth... 2.85 9.0 7 0.00 0.00 0.25 0.03 427

9411 Fast food preparers 2.40 10.0 8 0.00 0.22 0.29 0.36 11

9412 Kitchen helpers 3.01 9.0 8 0.00 0.00 0.25 0.03 186

Task: Identifying, reporting and documenting hazards

Average of 78 ISCO codes 2.15 6.10 7.0 0.14 0.19 0.26 0.64 68.35

Task: Operating heavy duty equipment

7113 Stonemasons, stone cutters, splitters and carvers 3.63 2.0 10 0.00 0.14 0.14 0.86 29

7119 Building frame and related trades workers not e... 3.50 3.0 10 0.00 0.00 0.50 0.93 42

7221 Blacksmiths, hammersmiths and forging press wor... 3.42 7.0 10 0.62 0.25 0.40 0.83 66

7223 Metal working machine tool setters and operators 2.55 8.0 9 0.67 0.17 0.40 0.81 162

7233 Agricultural and industrial machinery mechanics... 2.67 4.0 9 0.00 0.29 0.40 0.95 321

8122 Metal finishing, plating and coating machine op... 2.48 10.0 10 0.88 0.12 0.40 0.71 55

8141 Rubber products machine operators 2.33 10.0 10 0.67 0.17 1.00 0.54 13

8142 Plastic products machine operators 2.33 8.0 10 0.75 0.12 0.50 0.43 46

8143 Paper products machine operators 2.50 10.0 10 1.00 0.00 1.00 0.52 40

8151 Fibre preparing, spinning and winding machine o... 2.55 10.0 10 1.00 0.00 0.25 0.23 62

8152 Weaving and knitting machine operators 2.54 10.0 10 0.85 0.00 0.67 0.07 46

8153 Sewing machine operators 2.44 9.0 9 0.88 0.00 0.40 0.01 91

8154 Bleaching, dyeing and fabric cleaning machine o... 2.52 8.0 10 0.92 0.00 0.25 0.25 16

8157 Laundry machine operators 2.90 9.0 9 0.56 0.00 0.12 0.00 13

8160 Food and related products machine operators 2.50 10.0 9 1.00 0.00 1.00 0.43 104

8171 Pulp and papermaking plant operators 2.22 10.0 10 0.50 0.20 0.33 0.42 12

8172 Wood processing plant operators 3.50 9.0 10 0.80 0.00 0.25 0.60 43

8181 Glass and ceramics plant operators 2.46 10.0 10 0.92 0.08 1.00 0.44 9

8182 Steam engine and boiler operators 2.06 10.0 10 0.40 0.30 0.33 0.86 29

8183 Packing, bottling and labelling machine operators 2.50 10.0 10 1.00 0.00 1.00 0.21 24

8212 Electrical and electronic equipment assemblers 2.06 8.0 8 0.40 0.60 0.40 0.53 86

8341 Mobile farm and forestry plant operators 2.89 7.0 9 0.00 0.00 0.50 0.94 70

8342 Earthmoving and related plant operators 2.50 4.0 10 0.00 0.00 1.00 0.95 84

8343 Crane, hoist and related plant operators 2.33 8.0 9 0.00 0.00 0.33 0.70 83

This table presents occupational characteristics by 4-digit ISCO code. ISCO Label denotes the occupation’s
classification. MET (Metabolic Equivalent of Task) measures physical exertion. OSI captures psychosocial
stress, while CAI represents carcinogenic exposure. RM and RC indicate routine manual and routine cog-
nitive tasks, respectively. JSI (Job Strain Intensity) is the data-driven measure of occupational strain. The
last columns report the share of men in each occupation and the total number of workers in the sample. The
full list of 78 4-digit ISCO codes for "Identifying, reporting and documenting hazards" can be found in table
A.9.
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Table 21: Jobs related to the tasks detected by the LASSO procedure, II.

4-digit ISCO code ISCO Label MET OSI CAI RM RC JSI
Share

men

Total

workers

Task: Farming

6111 Field crop and vegetable growers 3.13 4.0 8 0.14 0.07 0.12 0.48 159

6113 Gardeners, horticultural and nursery growers 3.15 6.0 8 0.13 0.07 0.18 0.48 107

6121 Livestock and dairy producers 3.03 7.0 9 0.13 0.07 0.25 0.22 170

6130 Mixed crop and animal producers 3.15 7.0 9 0.07 0.07 0.25 0.72 58

6210 Forestry and related workers 4.01 2.0 10 0.00 0.15 0.14 0.77 111

8341 Mobile farm and forestry plant operators 2.89 7.0 9 0.00 0.00 0.50 0.94 70

9212 Livestock farm labourers 4.81 5.0 7 0.18 0.09 0.29 0.26 35

9213 Mixed crop and livestock farm labourers 4.87 3.0 8 0.15 0.08 0.22 0.50 34

Task: Repair / maintenance

3521 Broadcasting and audio-visual technicians 2.07 8.0 6 0.00 0.57 0.50 0.78 40

6113 Gardeners, horticultural and nursery growers 3.15 6.0 8 0.13 0.07 0.18 0.48 107

6121 Livestock and dairy producers 3.03 7.0 9 0.13 0.07 0.25 0.22 170

6130 Mixed crop and animal producers 3.15 7.0 9 0.07 0.07 0.25 0.72 58

7211 Metal moulders and coremakers 2.64 7.0 10 0.86 0.00 0.33 0.78 27

7213 Sheet metal workers 2.26 4.0 10 0.33 0.33 0.29 0.91 70

7222 Toolmakers and related workers 2.16 6.0 10 0.38 0.15 0.22 0.90 256

7224 Metal polishers, wheel grinders and tool sharpe... 2.54 5.0 8 0.43 0.14 0.50 0.83 23

7322 Printers 2.01 9.0 10 0.78 0.11 0.25 0.52 62

8131 Chemical products plant and machine operators 2.07 9.0 10 0.67 0.17 0.20 0.52 50

8153 Sewing machine operators 2.44 9.0 9 0.88 0.00 0.40 0.01 91

9212 Livestock farm labourers 4.81 5.0 7 0.18 0.09 0.29 0.26 35

9213 Mixed crop and livestock farm labourers 4.87 3.0 8 0.15 0.08 0.22 0.50 34

9214 Garden and horticultural labourers 3.72 2.0 8 0.10 0.00 0.20 0.29 17

9215 Forestry labourers 5.14 3.0 9 0.00 0.00 0.12 0.80 10

9329 Manufacturing labourers not elsewhere classified 4.25 9.0 9 0.60 0.00 0.33 0.36 261

This table presents occupational characteristics by 4-digit ISCO code. ISCO Label denotes the occupation’s
classification. MET (Metabolic Equivalent of Task) measures physical exertion. OSI captures psychosocial
stress, while CAI represents carcinogenic exposure. RM and RC indicate routine manual and routine cog-
nitive tasks, respectively. JSI (Job Strain Intensity) is the data-driven measure of occupational strain. The
last columns report the share of men in each occupation and the total number of workers in the sample.

An intriguing aspect to consider is the additional information offered by the Job Strain

Intensity measure. While the routine measures proposed by Mihaylov and Tijdens (2019)

focus solely on tasks that are potentially replaceable by robots (likely to capture the "Plant

and Machine Operators and Assemblers" tasks) they may not encompass other forms of

general routineness. For example, routine jobs that cannot be replaced by robots but involve

ergonomic stress due to repetitive tasks, like "Cleaning kitchen, bathroom, toilet" are not

classified as Routine Manual tasks. Nevertheless, the Job Strain Intensity exhibits notably

high values in such cases. Similarly, the MET proxies the energy cost of performing job tasks.

However, for tasks like "Operating heavy-duty equipment" it might miss capturing the peak
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effort involved in handling heavy machinery, potentially omitting crucial information. These

examples highlight the Job Strain Intensity as a promising candidate for addressing these

and other unobserved and challenging-to-measure job characteristics.

The availability of the JSI measure at the 4-digit ISCO code level enhances the depth of

analysis. As highlighted in Table 18, a significant majority of job tasks belong to the blue-

collar category. In Table 22, we delve deeper by presenting the ISCO codes belonging to the

worst decile, specifically those with JSI values exceeding 0.66. Interestingly, we find that

several occupations listed in tables 20 and 21 are also reported here. This new list represents

a further refinement as it considers not just one harmful task but the mixture of all tasks,

resulting in a more comprehensive representation of the job hazards.
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Table 22: 4-digit ISCO codes for the 10th decile of the Job Strain Intensity.

4-digit ISCO code ISCO Label MET OSI CAI RM RC JSI
Share

men

Total

workers

3131 Power production plant operators 2.47 6 7 0.12 0.5 0.67 0.67 9

3135 Metal production process controllers 1.99 4 8 0.43 0.29 0.67 0.83 18

3151 Ships’ engineers 2.46 9 8 0 0.33 0.75 0.83 12

5120 Cooks 2.33 7 8 0.11 0.22 0.75 0.17 410

5151 Cleaning and housekeeping supervisors in offices, hotels and other establishments 2.39 6 8 0 0.22 0.83 0.12 52

5223 Shop sales assistants 2.3 5 4 0 0.33 1 0.14 893

5242 Sales demonstrators 1.98 9 6 0 0.17 0.67 0.13 15

5245 Service station attendants 2.71 9 8 0.12 0.25 0.71 0.77 13

7112 Bricklayers and related workers 4.2 2 10 0 0 1 0.96 376

7119 Building frame and related trades workers not elsewhere classified 3.5 3 10 0 0 1 0.93 42

7126 Plumbers and pipe fitters 3.08 5 10 0 0 1 0.87 156

7127 Air conditioning and refrigeration mechanics 2.38 2 10 0 0.2 0.75 0.96 25

7212 Welders and flame cutters 2.73 7 10 0.75 0.12 0.67 0.97 153

7213 Sheet metal workers 2.26 4 10 0.33 0.33 0.71 0.91 70

7223 Metal working machine tool setters and operators 2.55 8 9 0.67 0.17 0.8 0.81 162

7224 Metal polishers, wheel grinders and tool sharpeners 2.54 5 8 0.43 0.14 0.75 0.83 23

7231 Motor vehicle mechanics and repairers 3.11 8 9 0 0 1 0.94 290

7233 Agricultural and industrial machinery mechanics and repairers 2.67 4 9 0 0.29 0.8 0.95 321

7311 Precision-instrument makers and repairers 1.94 3 8 0.08 0.33 0.67 0.82 49

7411 Building and related electricians 2.69 4 9 0 0.12 1 0.93 162

7412 Electrical mechanics and fitters 3.3 5 9 0 0.22 1 0.9 206

7413 Electrical line installers and repairers 3.2 4 10 0 0.17 0.67 0.72 68

7422 Information and communications technology installers and servicers 2.81 3 6 0 0.33 0.75 0.86 57

7513 Dairy products makers 2.29 10 8 0.75 0.25 0.67 0.62 13

7522 Cabinet-makers and related workers 2.63 3 10 0.38 0.12 0.67 0.76 84

7534 Upholsterers and related workers 2.29 5 9 0.25 0 0.71 0.37 19

7543 Product graders and testers (except foods and beverages) 1.98 7 7 0 0.6 0.67 0.45 65

8121 Metal processing plant operators 2.3 10 10 0.67 0.22 0.83 0.66 44

8131 Chemical products plant and machine operators 2.07 9 10 0.67 0.17 0.8 0.52 50

8141 Rubber products machine operators 2.33 10 10 0.67 0.17 1 0.54 13

8143 Paper products machine operators 2.5 10 10 1 0 1 0.53 40

8152 Weaving and knitting machine operators 2.54 10 10 0.85 0 1 0.07 46

8160 Food and related products machine operators 2.5 10 9 1 0 1 0.43 104

8171 Pulp and papermaking plant operators 2.22 10 10 0.5 0.2 0.67 0.42 12

8181 Glass and ceramics plant operators 2.46 10 10 0.92 0.08 1 0.44 9

8182 Steam engine and boiler operators 2.06 10 10 0.4 0.3 1 0.86 29

8183 Packing, bottling and labelling machine operators 2.5 10 10 1 0 1 0.21 24

8311 Locomotive engine drivers 2.3 10 8 0 0 0.67 1 44

8341 Mobile farm and forestry plant operators 2.89 7 9 0 0 0.75 0.94 70

8342 Earthmoving and related plant operators 2.5 4 10 0 0 1 0.95 84

8343 Crane, hoist and related plant operators 2.33 8 9 0 0 1 0.7 83

9112 Cleaners and helpers in offices, hotels and other establishments 2.85 9 7 0 0 0.75 0.03 427

9329 Manufacturing labourers not elsewhere classified 4.25 9 9 0.6 0 0.67 0.36 261

9333 Freight handlers 3.67 8 7 0.33 0 1 0.62 306

9334 Shelf fillers 2.71 9 6 0 0 0.75 0.33 12

6 Discusion and conclusion

This research sheds light on the relationship between lifetime occupational demands and

health outcomes measured during the later stages of life. By utilising detailed information

on childhood conditions and lifetime shocks, this study effectively investigated the selection

into occupations and subsequent adjustments, addressing concerns related to self-selection

and reverse causality.
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The SHARE dataset provides comprehensive 4-digit ISCO codes, facilitating precise assess-

ment of occupational demands such as physical exertions (Deyaert et al., 2017), psychosocial

stress, exposure to carcinogens (Kroll, 2015), and task routines (Mihaylov and Tijdens, 2019)

across each year of an individual’s career. In particular, on-the-job physical expenditures are

accurately measured using the Metabolic Equivalent of Task (MET). The results unequivo-

cally indicate that individuals engaged in physically demanding jobs experience significantly

worse health. Specifically, an increase of one MET, which is roughly comparable to transi-

tioning from a job like "Dental assistant and therapist" to "Hand packer," corresponds to

an additional ageing effect of 3.23 years. The analysis reveals significant gender differences,

suggesting that the impact of physically demanding jobs on health is more pronounced for

women than for men. Specifically, an increase of one MET has an effect corresponding to

4.63 and 2.11 additional years of ageing for women and men, respectively. We further in-

vestigate into the underlying factors that prompt gender-specific heterogeneity. We examine

how prolonged physical exertion accelerates health deterioration by increasing disease risk

and early onset. It raises the likelihood of cardiovascular issues and emotional disorders in

men, while women face higher risks of metabolic conditions. Both experience earlier onset

of hip fractures.

These findings consistently persist across multiple health measures, including objectively

measured ones, and remain robust even after considering a large set of confounding variables

encompassing childhood conditions, healthy habits, job characteristics, and exposure to other

job demands such as psychosocial stress, carcinogenic agents, and task routines. In addition

to the main analysis, we conduct several additional robustness checks to reinforce the validity

of the observed effects. Among these checks, we consider Oster bounds (Oster, 2019), Lewbel

IV approach (Lewbel, 2012), Causal Forest estimation (Athey et al., 2019), and Shapley

values (Roth, 1988).

In the second part of the paper, we use the LASSO estimator and the detailed job-specific
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tasks available at the 4-digit ISCO code level to propose a novel data-driven approach to

constructing a new Job Strain Intensity variable. This variable incorporates unobserved job

characteristics that are typically more challenging to identify. Given researchers’ limited di-

rect experience with the working conditions they need to code, errors and omissions of crucial

aspects may occur. The adoption of a data-driven methodology provides a more complete

grasp of the subtle complexities inherent in working conditions without the necessity to de-

fine a priori all the relevant occupational stressors. Remarkably, even after considering the

Job Strain Intensity measure, the effect of MET remains consistently strong.

Embracing the data-driven approach proposed in this paper can serve as a useful start-

ing point for gaining additional perspectives that are valuable in shaping policy-relevant

measures. Specifically, we are able to effectively identify specific tasks (and their corre-

sponding 4-digit ISCO codes) that significantly impact health in older age. The five most

harmful specific job tasks are "Cleaning kitchen, bathroom, toilet", "Identifying, reporting

and documenting hazards", "Operating heavy duty equipment", "Farming", and "Repair /

maintenance". This also enables the mapping of corresponding 4-digit ISCO codes, which

can offer valuable information for policymakers when addressing current policy issues. For

instance, recent literature (Deeg et al., 2021; Marcus et al., 2022) questions the fairness of

the pension systems. The increase in statutory retirement ages may negatively impact the

equality of the pension system in terms of both life expectancy and healthy life expectancy.

However, by identifying specific job positions with a 4-digit ISCO code precision, targeted

retirement terms can be designed to address these concerns more effectively. Or again, identi-

fying granular tasks that are more prone to health risks enables policymakers to concentrate

on formulating targeted safety regulations at work. Additionally, pinpointing the most haz-

ardous tasks can guide investments towards automation or optimisation, aiming to mitigate

the detrimental impact on health and improve overall workplace safety.

In conclusion, this study offeri critical insights into the implications of on-the-job physical
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activity and specific job tasks on the health of workers. By recognizing and addressing the

challenges posed by physically demanding occupations, we can strive to create more equitable

and supportive work environments for individuals, ultimately enhancing their overall well-

being and productivity. To do so, this paper presents also a novel data-driven measure that

can effectively guide policy-makers in devising more equitable interventions.
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A.1 Example of Elementary Occupation ISCO codes

Table A.1: ISCO classification of the "Elementary Occupations" major group.

9 Elementary Occupations

91 Cleaners and Helpers

911 Domestic, Hotel and Office Cleaners and Helpers

9111 Domestic Cleaners and Helpers

9112 Cleaners and Helpers in Offices, Hotels and Other Establishments

912 Vehicle, Window, Laundry and Other Hand Cleaning Workers

9121 Hand Launderers and Pressers

9122 Vehicle Cleaners

9123 Window Cleaners

9129 Other Cleaning Workers

92 Agricultural, Forestry and Fishery Labourers

921 Agricultural, Forestry and Fishery Labourers

9211 Crop Farm Labourers

9212 Livestock Farm Labourers

9213 Mixed Crop and Livestock Farm Labourers

9214 Garden and Horticultural Labourers

9215 Forestry Labourers

9216 Fishery and Aquaculture Labourers

93 Labourers in Mining, Construction, Manufacturing and Transport

931 Mining and Construction Labourers

9311 Mining and Quarrying Labourers

9312 Civil Engineering Labourers

9313 Building Construction Labourers

932 Manufacturing Labourers

9321 Hand Packers

9329 Manufacturing Labourers Not Elsewhere Classified

933 Transport and Storage Labourers

9331 Hand and Pedal Vehicle Drivers

9332 Drivers of Animal-drawn Vehicles and Machinery

9333 Freight Handlers

9334 Shelf Fillers

94 Food Preparation Assistants

941 Food Preparation Assistants

9411 Fast Food Preparers

9412 Kitchen Helpers

95 Street and Related Sales and Services Workers

951 Street and Related Services Workers

9510 Street and Related Services Workers

952 Street Vendors (excluding Food)

9520 Street Vendors (excluding Food)

96 Refuse Workers and Other Elementary Workers

961 Refuse Workers

9611 Garbage and Recycling Collectors

9612 Refuse Sorters

9613 Sweepers and Related Labourers

962 Other Elementary Workers

9621 Messengers, Package Deliverers and Luggage Porters

9622 Odd-job Persons

9623 Meter Readers and Vending-machine Collectors

9624 Water and Firewood Collectors

9629 Elementary Workers Not Elsewhere Classified

2-digit codes are the sub-major groups, 3-digit codes are the minor groups, and the 4-digit codes are the
unit groups.
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A.2 Other robustness

A.2.1 Estimates with homogenised job stressors

To rule out the case that the effects are simply driven by the fact occupational stressors are
measured in a different way, we harmonize them according to deciles.

Table A.2: Results, with homogenised job stressors.

(1) (2) (3) (4) (5) (6)

sphus sphus sphus sphus sphus sphus

MET decile 0.048*** 0.047*** 0.035*** 0.027*** 0.024*** 0.023***

(0.006) (0.005) (0.005) (0.005) (0.005) (0.006)

Psychosocial stress decile -0.012*** -0.009** -0.009** -0.006 -0.006 -0.010

(0.004) (0.004) (0.004) (0.004) (0.005) (0.006)

Carcinogenic agents’ exposure decile 0.008 0.013*** 0.011** 0.007 0.005 0.006

(0.005) (0.005) (0.005) (0.004) (0.005) (0.006)

Routine manual decile 0.016*** 0.010*** 0.006* 0.002 0.002 0.004

(0.003) (0.003) (0.003) (0.003) (0.003) (0.004)

Routine cognitive decile 0.007 0.010** 0.008** 0.007* 0.004 -0.001

(0.005) (0.004) (0.004) (0.004) (0.004) (0.005)

Constant 2.859*** -1.576 0.191 1.172 0.875 3.432***

(0.050) (2.793) (2.510) (2.524) (2.594) (0.362)

Socio-demo ✓ ✓ ✓ ✓ ✓

Child ✓ ✓ ✓ ✓

Socio-econ ✓ ✓ ✓

Job ✓ ✓

Habits ✓

Observations 36,946 36,946 29,988 29,988 29,917 20,325

R-squared 0.025 0.117 0.146 0.160 0.177 0.241

OLS regression of "Self-perceived poor health" on occupational stressors in deciles. Standard error clustered
at the 4-digit ISCO code level.

A.2.2 Interacting occupational stressors

In table A.3, we show the effects of occupational stressors on health by interacting MET

with other occupational stressors to assess whether the accumulation of job-strain indicators

would result in significantly stronger effects on health. Surprisingly, the interaction terms
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are either not significant or, in the case of the interaction between MET and Carcinogenic

exposure, significant with a negative sign.

Table A.3: Main results with interactions.

(1) (2) (3) (4) (5)

sphus sphus sphus sphus sphus

MET 0.086*** 0.103*** 0.176*** 0.090*** 0.082***

(0.017) (0.026) (0.031) (0.020) (0.017)

Psychosocial stress -0.004 0.005 -0.005 -0.004 -0.004

(0.005) (0.013) (0.005) (0.005) (0.005)

Carcinogenic exposure 0.009** 0.009** 0.046*** 0.009* 0.009*

(0.005) (0.005) (0.012) (0.005) (0.005)

Routine manual 0.030 0.029 0.001 0.148 0.031

(0.063) (0.063) (0.063) (0.231) (0.063)

Routine cognitive 0.011 0.017 0.035 0.010 -0.131

(0.047) (0.047) (0.048) (0.046) (0.144)

MET#Psychosocial -0.003

(0.004)

MET#Carcinogenic -0.015***

(0.004)

MET#Routine manual -0.045

(0.084)

MET#Routine cognitive 0.082

(0.073)

Constant 0.011 -0.050 -0.267 0.006 0.070

(2.557) (2.562) (2.578) (2.558) (2.564)

Socio-demo ✓ ✓ ✓ ✓ ✓

Child ✓ ✓ ✓ ✓ ✓

Job ✓ ✓ ✓ ✓ ✓

Habits

Observations 29,917 29,917 29,917 29,917 29,917

R-squared 0.164 0.164 0.165 0.164 0.164

OLS regressions of Self-perceived poor health outcome on job stressors. Standard errors clustered at the
4-digit ISCO code level of the main job. Used SHARELIFE wave 7 sample weights.

A.2.3 Maximum occupational stressors

Temporary exposure to challenging jobs can potentially lead to a lasting and unrecoverable

impact on health. Transitions to less demanding occupations due to health impairments

can result in the incorrect measurement of occupational stressors. To mitigate concerns
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related to these transitions, we utilise the maximum occupational stressors individuals expe-

rience throughout their entire lives. Results are reported in table A.4. Once again, MET is

the only occupational stressor that maintains statistical significance at the 5 percent level.

The smaller magnitude of the effect if compared with the baseline, might be related to the

fact more people experienced low-quality occupational stressors. However, moving towards

better-off job conditions might have protected them from cumulative stressors. On the op-

posite, a larger value of the baseline of the lifetime MET captures also the additional impact

of cumulative exposure.

Table A.4: Results with maximum occupational stressors.

(1) (2) (3) (4) (5)

sphus sphus sphus sphus sphus

MET MAX 0.065*** 0.039** 0.055*** 0.048*** 0.053**

(0.016) (0.017) (0.017) (0.017) (0.021)

Psychosocial stress MAX -0.003 0.000 0.003 0.016* 0.010

(0.005) (0.005) (0.005) (0.009) (0.011)

Carcinogenic exposure MAX 0.028*** 0.020*** 0.018*** -0.002 -0.007

(0.005) (0.006) (0.005) (0.009) (0.010)

Routine manual MAX 0.135*** 0.068 0.026 0.045 0.040

(0.050) (0.052) (0.048) (0.080) (0.088)

Routine cognitive MAX 0.003 0.020 0.025 0.001 -0.012

(0.042) (0.040) (0.039) (0.078) (0.089)

Constant 2.835*** 3.047*** -0.215 -0.269 2.086***

(0.055) (0.104) (2.524) (2.577) (0.350)

Socio-demo ✓ ✓ ✓ ✓

Child ✓ ✓ ✓

Job ✓ ✓

Habits ✓

Observations 36,946 29,988 29,988 29,917 20,422

R-squared 0.018 0.063 0.143 0.164 0.180

OLS regressions of Self-perceived poor health outcome on maximum job stressors experienced during the
entire life. Standard errors clustered at the 4-digit ISCO code level of the main job. Used SHARELIFE
wave 7 sample weights.
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A.3 Homogenised tasks

Table A.5: Homogenised tasks, I.

• (Blow and pack) insulating
• Accompanying group of chil-

dren/people for ...
• Acrobatics
• Adjusting / maintaining equipment
• Administering hear-

ing/speaking/optometric/...
• Advising (financial, legal)
• Advising colleagues, stakeholders or

clients
• Advising on health
• Advising on/selling goods & services,

impl...
• Analysing documents and computer

files
• Analysing evidence
• Analyzing market trends
• Animal care
• Animal physical examination
• Announcing and paying winners, col-

lecting ...
• Appraising
• Arts and crafts
• Assembling, modifying, installing ma-

chinery
• Assessing damage or loss
• Assessing student / employee develop-

ment
• Assisting medical practitioner
• Attaching buttons, hooks, zippers,

fasteners
• Attending business social and other

functions
• Attending to passen-

gers/travelers/clients
• Bakery light
• Baling hay
• Bartending/barista
• Beautician
• Bookbinding
• Bookkeeping
• Briefing
• Broadcasting information
• Butchering animal
• Carpentry heavy
• Carpentry light
• Carpentry moderate
• Carpet cleaning
• Catwalk, acting on stage
• Chain saw
• Checking incoming/outgoing mail
• Checking, visiting (properties / com-

panies...
• Chemical treatment
• Chemical/high pressure cleaning
• Cleaning kitchen, bathroom, toilet
• Cleaning stone walls/heavy outdoor
• Cleaning windows
• Cleaning, washing, polishing car
• Clearing undergrowth
• Closing and sealing wells/ mine shafts
• Coaching light
• Coding
• Collecting charity paymens
• Collecting garbage, recycling

• Collecting mineral samples inside
mine

• Collecting samples, preparing materi-
als, s...

• Combining mineral ores with solvents
/ pro...

• Commanding and navigating ship/
vessel

• Compiling inventories of furniture
• Completing and documenting loan

documentation
• Computer work
• Conducting
• Construction and restoration
• Consulting colleagues/customers
• Controlling lighting, heating, doors

on bu...
• Cooking or food preparation, moder-

ate
• Coordination at workplace & site

(walking ...
• Copying drawings and paintings onto

stone ...
• Covering charges
• Customs clearing
• Cutting garments
• Dancing
• Data collection and quality control
• Data punching
• Delivering lectures
• Delivering light goods
• Delivering postal mail
• Desiging curriculum / lessons / activ-

ities
• Designing and preparing blueprints /

sketc...
• Designing websites
• Desk based research
• Detaining persons / making arrest
• Developing and evaluating food prod-

ucts
• Digging ditches
• Directing / participating in research
• Directing traffic
• Discussing student reports
• Diving
• Dressing for modelling/acting
• Driving car/van
• Driving instruction
• Driving train/tram/bus
• Dyeing articles
• Eating/drinking and talking
• Electrical work
• Elephant riding
• Emptying compartments
• Erecting / dismantling market stalls,

pack...
• Establishing behavioral rules
• Establishing contact between stake-

holders
• Establishing contacts and sources of

infor...
• Estimating size, shape, weight of ob-

jects
• Euthanasia for animals

• Examining crime scenes
• Excursions
• Farming
• Feeding felled trees into processor
• Fieldwork / information gathering
• Filling boxes
• Filling fuel tank
• Firefighter / police officer - rescue vic-

tim
• Firefigting general
• Fishing
• Flying and navigating aircraft
• Following up clients
• Forestry
• Forging
• Functional ability test (Physiothera-

pist)
• Gardening general
• Glazing
• Grading/mixing tabacco/textile/produce
• Greeting
• Hairstyling
• Hammering nails
• Handling ropes and wires
• Hauling water
• Health and safety instruction
• Heavy cleaning
• Helping disabled getting in and out of

car
• Home repair
• Hunting
• Identifying, reporting and document-

ing haz...
• Informing, promoting, interviewing

custome...
• Inspecting buildings and structures

during...
• Installing network/hardware
• Installing/removing underground

supports
• Instructing on physical therapy, mas-

sage, ...
• Interpreting
• Inviting tenders
• Keeping wardrobe
• Laundering and pressing by hand
• Laying tiles/fitting carpet
• Leveling floor
• Levers/forklift
• Liaising with stakeholders
• Light cleaning
• Loading / recycling materials
• Loading/unloading luggage (from

car)
• Locksmith
• Machine tooling
• Machine tooling, welding
• Machining, working sheet metal, ma-

chine fi...
• Maintaining records
• Maintenance / repairs
• Making bed, cleaning bathroom
• Making calculations
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Table A.6: Homogenised tasks, II.

• Management / coordinating from
desk

• Marking papers / tests
• Marking sheet metal
• Masonry / concrete
• Medical administration
• Meetings
• Mixing ingredients
• Moderate standing arts and crafts
• Monitoring equipment / plant
• Negotiating contracts / settlements

with s...
• Nursing/assistant nursing
• Observing and evaluating students
• Obtaining goods for sale
• Obtaining information
• Official communication - written re-

porting
• Operating /coordinating control room
• Operating and overseeing medical

equipment
• Operating auxilary plant
• Operating heavy duty equipment
• Operating light equipment / machin-

ery
• Operating machinery to remove de-

posits / o...
• Operating sewing machines
• Ordering / analysing (lab) results
• Painting / varnishing / coating
• Painting indoor / outdoor
• Patrolling
• Performing autopsy
• Photocopying and faxing
• Photography
• Physical care (bathing, dressing, mov-

ing i...
• Physical care of children
• Physical examinations and interviews
• Picking fruit
• Planning on computer
• Planning, developing, implementing

and rev...
• Planting crops
• Planting, potting, transplanting
• Plastering
• Playing music
• Plumbing
• Positioning blocks and slabs of stone

onto...
• Positioning, operating and monitor-

ing mini...
• Preparing (scientific) report
• Preparing financial statements
• Preparing invoices
• Preparing medicine/dosage
• Preparing occupational information

or work...
• Preparing papers
• Preparing surfaces / panelbeating
• Preparing wall areas
• Preparing, cooking, serving meals

• Preparing, planting, and tending of
(tree)...

• Preparing/maintaining medical aids /
appar...

• Prescribing, counseling, monitoring
• Providing information to patients /

animal...
• Providing physical therapy, massage,

manip...
• Providing professional development
• Providing referrals
• Purchasing / ordering for organiza-

tion (el...
• Purchasing foods, household supplies
• Raking lawn or leaves
• Receiving / giving on-the-job training
• Receiving and verifying payments
• Recording / exchanging medical infor-

mation
• Recording and transmitting (finan-

cial) orders
• Recruiting, interviewing and selecting

emp...
• Recycling waste plastic materials
• Removing asbestos, mould, fire dam-

aged sur...
• Repair / maintenance
• Replenishing vending machines
• Representing organizations/firms -

sales
• Researching, verifying and evaluating

(fin...
• Rickshaw
• Riding motor scooter, motorcycle
• Roofing
• Routine lab tests
• Routine medical treatment
• Routine multiple household tasks
• Scanning, recording, distributing mail
• Scanning/recording/wrapping goods
• Searching / escorting prisoners
• Security check / maintaining order
• Selecting and modifying commercial

products
• Selecting, appraising and revising ma-

teria...
• Selling by auction
• Sending and receiving information,

standing
• Setting trap
• Setting up and operating drilling

equipment
• Setting up, preparing and adjusting

minera...
• Setting/clearing table
• Sewing / small repairs
• Shelving and hanging clothing
• Shoe repair
• Shopkeeping
• Shovelling
• Showing property to clients
• Signing, checking, opening and draft-

ing do...
• Sitting, reading
• Sizing and cutting (roofing) material
• Software testing
• Soliciting orders and selling & buying

goo...
• Sorting tools and materials from other

miners
• Sorting, recycling materials
• Sorting, stacking and moving pro-

cessed min...
• Sports, competitive
• Spraying chemicals
• Stacking and loading logs
• Stair climbing, slow pace
• Standing arts and crafts
• Standing, reading
• Standing, talking in church
• Stimulating discussion
• Stock control
• Stone quarrying
• Storing medicine
• Submitting or approving loan applica-

tions
• Supervising (student/staff/colleagues)
• Supervising operational programs
• Supervising primary ( - yrs)
• Surgery / procedures (light opera-

tion)
• Sweeping, vacuum-cleaning, polishing

and w...
• Tailoring by hand
• Tailoring light
• Tanning hide
• Teacher practice supervi-

sion/assessment
• Teaching exercise class
• Teaching kindergarten ( - yrs)
• Teaching primary ( - yrs)
• Technical assistance / problem solv-

ing
• Testifying in court / pleading / pre-

siding...
• Training animals
• Transcribing and proofreading on

computer
• Trap shooting
• Truck driving
• Tutoring student(s)
• Unloading truck
• Unpacking and storing supplies
• Using pressing machine
• Vehicle maintenance/repair
• Walking, carrying heavy object
• Wallpapering
• Washing and ironing textiles
• Washing by hand, moderate
• Washing dishes
• Weeding
• Weighing goods and issues
• Writing

A.4 Job Strain Intensity, out of the sample analysis

To show that the main (in-sample) analysis in section 5 is not driven by overfitting and lack

of generalisability, we run an out-of-sample analysis. The data is split into training and test

samples of equal dimensions. The training sample is used to run the LASSO to detect the
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most harmful tasks (see table A.7). Then, the Job Strain Intensity is measured for each

4-digit ISCO code as the number of detected tasks over the total number of tasks. Next, the

JSI is attached to each individual of the test sample according to the ISCO code of the main

job. Finally, the regression analysis is run. Results in table A.8-(4) provide very similar

results to the main ones in table 19-(2).

This data-driven approach can be easily extended to various analyses that investigate or

require control for working conditions. Adopting a data-driven strategy mitigates the risk

of overlooking essential occupational stressors, given that not all of them can be explicitly

coded. Moreover, relying on coded stressors, which may be generated by researchers who

haven’t personally performed the tasks, introduces the potential for significant errors and

the omission of crucial aspects of job duties. Therefore, embracing a data-driven methodol-

ogy provides a more comprehensive and reliable means of capturing and understanding the

nuanced complexities of working conditions.

Table A.7: Tasks detected by out of sample analysis.

• (Blow and pack) insulating
• Adjusting maintaining equipment
• Advising on/selling goods services,

implied walking
• Analysing evidence
• Animal care
• Assembling, modifying, installing ma-

chinery
• Butchering animal
• Carpentry light
• Carpentry moderate
• Carpet cleaning
• Chemical treatment
• Cleaning kitchen, bathroom, toilet
• Cleaning stone walls/heavy outdoor
• Cleaning windows
• Collecting mineral samples inside

mine
• Construction and restoration
• Coordination at workplace site (walk-

ing around standing)
• Delivering postal mail
• Designing and preparing blueprints

sketches machine layouts
• Directing traffic
• Driving car/van
• Electrical work

• Feeding felled trees into processor
• Grading/mixing tabacco/textile/produce
• Hauling water
• Heavy cleaning
• Identifying, reporting and document-

ing hazards (safety) compliance, im-
plied walking

• Inspecting buildings and structures
during and after construction

• Inviting tenders
• Leveling floor
• Levers/forklift
• Maintenance repairs
• Making bed, cleaning bathroom
• Masonry concrete
• Monitoring equipment plant
• Negotiating contracts settlements

with stakeholders
• Nursing/assistant nursing
• Operating /coordinating control room
• Operating auxilary plant
• Operating heavy duty equipment
• Operating light equipment machinery
• Painting indoor outdoor
• Patrolling
• Plumbing
• Preparing medicine/dosage

• Preparing wall areas
• Preparing, cooking, serving meals
• Raking lawn or leaves
• Receiving giving on-the-job training
• Receiving and verifying payments
• Roofing
• Routine lab tests
• Scanning/recording/wrapping goods
• Selecting and modifying commercial

products
• Shopkeeping
• Stimulating discussion
• Stone quarrying
• Supervising operational programs
• Sweeping, vacuum-cleaning, polishing

and washing
• Tailoring light
• Teaching kindergarten ( - yrs)
• Truck driving
• Unloading truck
• Unpacking and storing supplies
• Vehicle maintenance/repair
• Walking, carrying heavy object
• Weighing goods and issues
• Farming
• Fishing
• Repair maintenance
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Table A.8: Main results with Job Strain Intensity, out-of-sample.

(1) (2) (3) (4) (5)

sphus sphus sphus sphus sphus

Job Strain Intensity 0.288*** 0.275*** 0.217*** 0.174*** 0.267***

(0.065) (0.060) (0.055) (0.057) (0.070)

MET 0.121*** 0.078*** 0.108*** 0.098*** 0.095***

(0.028) (0.029) (0.023) (0.024) (0.030)

Psychosocial stress -0.017** -0.011 -0.008 -0.005 -0.004

(0.007) (0.007) (0.006) (0.007) (0.009)

Carcinogenic exposure 0.008 0.003 0.009 0.007 -0.000

(0.009) (0.008) (0.006) (0.007) (0.008)

Routine manual 0.160* 0.049 -0.036 -0.052 -0.015

(0.090) (0.084) (0.072) (0.082) (0.102)

Routine cognitive 0.094 0.077 0.137** 0.130** 0.122*

(0.069) (0.065) (0.057) (0.058) (0.071)

Constant 2.803*** 3.134*** 0.701 0.437 1.812***

(0.081) (0.132) (3.011) (2.656) (0.478)

Socio-demo ✓ ✓ ✓ ✓

Child ✓ ✓ ✓

Job ✓ ✓

Habits ✓

Observations 14,802 14,802 14,802 14,771 10,085

R-squared 0.030 0.074 0.158 0.181 0.201

OLS regressions of Self-perceived poor health outcome on job stressors, including the Job Strain Intensity.
Standard errors clustered at the 4-digit ISCO code level of the main job. Used SHARELIFE wave 7 sample
weights.
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A.5 Identifying, reporting and documenting hazards

Table A.9: Jobs related to the task: "Identifying, reporting and documenting hazards"
detected by the LASSO procedure.

4-digit ISCO code ISCO Label MET OSI CAI RM RC JSI
Share

men

Total

workers

Task: "Identifying, reporting and documenting hazards

1120 Managing directors and chief executives 1.66 8.0 1 0.00 0.00 0.12 0.73 248

1212 Human resource managers 1.64 3.0 2 0.00 0.07 0.14 0.51 35

1323 Construction managers 1.53 7.0 8 0.00 0.00 0.14 0.87 30

1341 Child care service managers 1.74 6.0 1 0.00 0.08 0.14 0.17 23

1411 Hotel managers 1.88 8.0 6 0.00 0.17 0.20 0.22 18

1412 Restaurant managers 1.82 9.0 7 0.00 0.25 0.17 0.36 55

1420 Retail and wholesale trade managers 1.51 7.0 2 0.00 0.29 0.14 0.49 79

1431 Sports, recreation and cultural centre managers 1.67 9.0 2 0.00 0.25 0.14 0.74 23

2141 Industrial and production engineers 1.63 2.0 4 0.00 0.00 0.17 0.74 118

2142 Civil engineers 1.84 4.0 5 0.00 0.00 0.17 0.85 116

2143 Environmental engineers 1.62 1.0 6 0.00 0.00 0.20 0.50 16

2144 Mechanical engineers 1.64 2.0 4 0.00 0.00 0.50 0.87 95

2145 Chemical engineers 1.62 2.0 7 0.00 0.11 0.17 0.60 35

2146 Mining engineers, metallurgists and related pro... 1.96 2.0 6 0.00 0.00 0.12 0.90 51

2149 Engineering professionals not elsewhere classified 1.73 2.0 4 0.00 0.00 0.17 0.61 31

2151 Electrical engineers 1.92 1.0 6 0.00 0.11 0.20 0.94 49

2152 Electronics engineers 1.68 1.0 4 0.00 0.00 0.17 0.90 40

2153 Telecommunications engineers 1.61 2.0 2 0.00 0.00 0.20 0.69 13

2161 Building architects 1.63 2.0 5 0.00 0.00 0.12 0.58 43

2162 Landscape architects 1.60 2.0 3 0.00 0.00 0.14 0.77 13

2163 Product and garment designers 1.61 3.0 6 0.00 0.00 0.17 0.16 37

2263 Environmental and occupational health and hygie... 1.68 7.0 3 0.00 0.00 0.17 0.41 17

3112 Civil engineering technicians 2.01 6.0 8 0.00 0.00 0.20 0.77 90

3113 Electrical engineering technicians 2.02 2.0 6 0.00 0.25 0.20 0.96 94

3114 Electronics engineering technicians 1.81 7.0 8 0.00 0.10 0.20 0.85 40

3115 Mechanical engineering technicians 2.01 6.0 8 0.00 0.00 0.14 0.90 97

3119 Physical and engineering science technicians no... 1.82 3.0 6 0.00 0.00 0.25 0.57 47

3122 Manufacturing supervisors 1.80 7.0 8 0.00 0.29 0.20 0.52 54

3132 Incinerator and water treatment plant operators 2.00 3.0 9 0.25 0.50 0.20 0.89 9

3141 Life science technicians (excluding medical) 1.72 3.0 8 0.00 0.46 0.12 0.23 53

3143 Forestry technicians 2.44 2.0 8 0.00 0.00 0.17 0.88 17

3151 Ships’ engineers 2.46 9.0 8 0.00 0.33 0.25 0.83 12

3154 Air traffic controllers 1.85 9.0 7 0.00 0.00 0.20 0.80 5

3211 Medical imaging and therapeutic equipment techn... 2.04 9.0 3 0.00 0.27 0.17 0.43 23

3257 Environmental and occupational health inspector... 1.70 4.0 6 0.00 0.00 0.25 0.71 31

3423 Fitness and recreation instructors and program ... 4.40 7.0 4 0.00 0.11 0.25 0.26 38

5111 Travel attendants and travel stewards 2.07 10.0 8 0.00 0.25 0.12 0.37 27

5112 Transport conductors 1.90 10.0 7 0.00 0.30 0.20 0.88 52

5113 Travel guides 2.12 10.0 8 0.00 0.10 0.17 0.00 1

5120 Cooks 2.33 7.0 8 0.11 0.22 0.50 0.17 410

5132 Bartenders 2.26 9.0 9 0.09 0.18 0.12 0.48 46

5163 Undertakers and embalmers 2.55 8.0 7 0.00 0.17 0.20 0.62 8

5222 Shop supervisors 2.11 7.0 6 0.00 0.56 0.14 0.44 68

7126 Plumbers and pipe fitters 3.08 5.0 10 0.00 0.00 0.33 0.87 156

7127 Air conditioning and refrigeration mechanics 2.38 2.0 10 0.00 0.20 0.25 0.96 25

7212 Welders and flame cutters 2.72 7.0 10 0.75 0.12 0.33 0.97 153

7213 Sheet metal workers 2.26 4.0 10 0.33 0.33 0.29 0.91 70

7221 Blacksmiths, hammersmiths and forging press wor... 3.42 7.0 10 0.62 0.25 0.40 0.83 66

7222 Toolmakers and related workers 2.16 6.0 10 0.38 0.15 0.22 0.90 256

7223 Metal working machine tool setters and operators 2.55 8.0 9 0.67 0.17 0.40 0.81 162

7224 Metal polishers, wheel grinders and tool sharpe... 2.54 5.0 8 0.43 0.14 0.50 0.83 23

7233 Agricultural and industrial machinery mechanics... 2.67 4.0 9 0.00 0.29 0.40 0.95 321

7311 Precision-instrument makers and repairers 1.94 3.0 8 0.08 0.33 0.33 0.82 49

7313 Jewellery and precious metal workers 1.84 4.0 8 0.00 0.09 0.33 0.43 14

7315 Glass makers, cutters, grinders and finishers 2.43 7.0 9 0.69 0.23 0.17 0.59 56

7321 Pre-press technicians 1.70 6.0 6 0.14 0.57 0.25 0.73 26

7411 Building and related electricians 2.69 4.0 9 0.00 0.12 0.33 0.93 162

7413 Electrical line installers and repairers 3.20 4.0 10 0.00 0.17 0.33 0.72 68

7421 Electronics mechanics and servicers 2.66 2.0 8 0.00 0.11 0.20 0.88 51

7512 Bakers, pastry-cooks and confectionery makers 2.38 10.0 10 0.38 0.25 0.25 0.33 210

7513 Dairy products makers 2.29 10.0 8 0.75 0.25 0.33 0.62 13

7542 Shotfirers and blasters 2.40 8.0 8 0.00 0.43 0.14 0.67 3

7543 Product graders and testers (except foods and b... 1.98 7.0 7 0.00 0.60 0.17 0.45 65

8112 Mineral and stone processing plant operators 2.85 8.0 10 0.73 0.18 0.11 0.60 15

8122 Metal finishing, plating and coating machine op... 2.48 10.0 10 0.88 0.12 0.40 0.71 55

8141 Rubber products machine operators 2.33 10.0 10 0.67 0.17 1.00 0.54 13

8142 Plastic products machine operators 2.33 8.0 10 0.75 0.12 0.50 0.43 46

8152 Weaving and knitting machine operators 2.54 10.0 10 0.85 0.00 0.67 0.07 46

8181 Glass and ceramics plant operators 2.46 10.0 10 0.92 0.08 1.00 0.44 9

8211 Mechanical machinery assemblers 1.96 8.0 8 0.20 0.80 0.25 0.65 31

8212 Electrical and electronic equipment assemblers 2.06 8.0 8 0.40 0.60 0.40 0.53 86

8219 Assemblers not elsewhere classified 1.96 9.0 6 0.20 0.80 0.25 0.48 129

8311 Locomotive engine drivers 2.30 10.0 8 0.00 0.00 0.33 1.00 44

8312 Railway brake, signal and switch operators 2.10 10.0 6 0.00 0.40 0.25 0.87 30

8332 Heavy truck and lorry drivers 2.97 7.0 7 0.00 0.57 0.20 0.98 413

8344 Lifting truck operators 2.26 8.0 8 0.00 0.20 0.25 0.89 35

9334 Shelf fillers 2.71 9.0 6 0.00 0.00 0.25 0.33 12

9411 Fast food preparers 2.40 10.0 8 0.00 0.22 0.29 0.36 11
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