
Are We Yet Sick of New Technologies?
The Unequal Health Effects of Workplace Digitalization∗

Melanie Arntz1,2, Sebastian Findeisen3,5,6, Stephan Maurer4,5, and Oliver Schlenker3,5

1 Institute for Employment Research (IAB)
2Friedrich-Alexander University of Erlangen-Nuremberg

3University of Konstanz
4University of Edinburgh, CEP, and UPF BSM

5Cluster of Excellence "The Politics of Inequality"
6CEPR

February, 2025

Abstract
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1 Introduction

Technological change impacts workers in many ways: By displacing and reallocating people

across jobs (Graetz and Michaels, 2018; Bárány and Siegel, 2020; Dauth et al., 2021), inducing

economic inequality (Acemoglu and Restrepo, 2022; Autor and Dorn, 2013), and transforming

tasks performed by workers within jobs and occupations (Spitz-Oener, 2006; Acemoglu and

Restrepo, 2019). While the consequences of technological change on wages and employment are

typically at the forefront of interest, much less is known about how it affects workers’ health.

Theories from fields such as organizational science and psychology have long emphasized that

increasing workplace technology dependency may negatively influence workers’ psychological and

physical health by triggering "technostress" (Brod, 1984; Tarafdar et al., 2015).1 On the other

hand, modern digital technologies and automation hold the potential to relieve workers from

physically demanding tasks, enabling them to engage in healthier activities on the job. Yet, there

is a clear lack of evidence on the health effects of introducing frontier technologies, such as AI, in

the workplace for a representative sample of workers across all sectors and occupational groups.

In this paper, we use a novel data set, which, for the first time, allows us to link digitalization

in the workplace between 2011 and 2019 to individual health outcomes. Notably, our measure of

workplace digitalization reflects the actual adoption of the full spectrum of frontier technologies

and is thus not limited to a particular type of technology. Further, it allows us to distinguish the

use of modern smart technologies from more commonly used computer-based technologies. Our

analysis is based on linked employer-employee data that combine social security records of firms

and employees with separate firm and employee surveys that collect workplace information about

the changing use of different types of digital technologies and tasks performed. In order to find the

effect of digitalization on health, we use a first-difference model relating individual-level changes

in technology use at the workplace to individual health outcomes. Although experimental data

would be preferable to gauge the causal effect of workplace digitalization on health, experimental

data is typically limited to a single firm context and a specific type of technology, thereby

limiting the external validity of the estimated effects. In comparison, our approach comes

with the merit of drawing a representative picture for the first time of how digitalization, i.e.
1For example, the survey by Tarafdar et al. (2015) describes technostress as a "situation of stress experienced

by the individual because of an inability to adapt to the introduction of new technology in a healthy manner".
A related but distinct aspect is that exposure to technology might also increase job insecurity (see for example
Dengler and Gundert (2021)). However, our evidence suggests that the health effects we estimate are not explained
by increased job insecurity and are more likely to reflect technostress due to having to learn new technologies and
having to switch to new tasks.
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modern technologies, affects workers in Germany. By exploiting the rich information of the

linked employer-employee dataset, we are able to control for major confounders, including firm

and workplace characteristics, such as initial tasks performed, and worker controls, such as past

health and earnings, technological comprehension, and personality traits. This allows us to

compare health outcomes of very similar individuals in formerly similar firms and jobs that differ

in the speed of frontier technology adoption in the workplace.

We start by documenting how the most recent wave of progress in digital technologies has

changed workplaces between 2011 and 2019. In this, our dataset allows us to examine both

changes in tools used and in tasks performed. We find that digitalization is most strongly linked

to the increasing use of artificial intelligence, big data, and the Internet of Things. We further

observe that the increasing use of these technologies is leading workers to turn to less repetitive

and more social, mathematical, and programming-related tasks, which are also perceived as

involving more performance and time pressure.2

Motivated by psychological literature, which emphasizes that increasing complexity at work

particularly overwhelms those workers who are not used to complex tasks (Bakker and Demerouti,

2007; Schaufeli and Bakker, 2004), we hypothesize that digitalization is most stressful for low-

skilled workers with primarily non-cognitive tasks, resulting in negative health outcomes. To

test this hypothesis, we use individual-level data on over a dozen tasks performed at work to

classify workers according to their initial task profile. To reduce the dimensionality, we perform

a principal component analysis (PCA) which shows that most initial variation in task profiles is

captured by one single component. This component is positively correlated with office-related,

complex, and cognitive tasks and allows for a split of the sample into “manual” and "cognitive"

workers. Moreover, this sample split not only reflects tasks, similar to the pioneering classification

by Autor et al. (2003), but also correlates strongly with education.

For the average worker we find economically and statistically insignificant health effects of

workplace digitalization. Yet, this masks substantial effect heterogeneity between worker groups.

For manual workers, a one-standard deviation increase in digitalization corresponds to a decline

of approximately 0.22 Likert points in self-reported health over the eight-year period from 2011

to 2019. For a manual worker that experiences digitalization at the average rate in our sample,

this implies an annual decline of around 0.01 Likert points in perceived health. Considering that
2This distinguishes modern digitalization from computerization, which primarily leads to an increased frequency

of information and communication tools (ICT) use such as general and specialized software, while leaving the
complexity of the task profile unaffected.
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one year of aging corresponds to a 0.0363 Likert-point reduction in perceived health, this health

e�ect of digitalization experienced per year is equivalent to around three months of aging.

This reduction in perceived health comes not only with consequences for workers but also

for �rms, given that reduced worker happiness has previously been shown to impair labor

productivity (Bellet et al., 2024). Using sick days at work as a more objective measure of health,

the same picture emerges: While cognitive workers are not a�ected, manual workers experience

0.3325 more sick days per year as a result of the digitalization they experience on average in the

workplace. Over the period of 8 years, this sums up to 2.66 days for the average manual worker,

an economically substantial e�ect given that manual workers have, on average, 13.5 sick days per

year. Overall, our results suggest that for manual workers, the additional technostress caused

by digitalization in the workplace outweighs any potential positive e�ects, for instance from

relieving them from repetitive tasks. These �ndings are robust to the inclusion of a rich set of

individual, �rm, and workplace-related controls, as well as occupation and industry �xed e�ects.

We further show that di�erential health outcomes are not driven by a di�erent treatment

intensity or content. Both the type of technologies adopted in workplaces exposed to digitalization

and the resulting shifts in tasks are quite similar across both worker groups. Moreover, we do

not observe manual workers receiving monetary compensation for their deteriorated health, as

both employment and earnings e�ects are small and statistically indistinguishable from zero.

Hence, workplace digitalization increases health disparities between both worker groups. Since

the group of manual (and mostly low-skilled) workers already report poorer health from the

start, digitalization thus also magni�es the already well-documented health disparities between

educational groups (see e.g. Meara et al. (2008); Currie (2009)) or groups of di�erent social class

(see, for example, the landmark studies by Marmot et al. (1984) and Marmot et al. (1991)).

Consistent with interpreting the negative health e�ects among manual workers as a result of

increased technostress, we also provide tentative evidence that manual workers in �rms with a

more supportive �rm culture and more IT-related training su�er less from workplace digitalization.

This suggests that �rm policies to assist workers in coping with technology shocks may be an

e�ective means to prevent negative health outcomes and the accompanying productivity losses.

Our paper relates to the literature on the interplay between technological change and individuals'

health. One strand of the literature looks at how automation directly a�ects workers' health

by altering tasks performed. Gihleb et al. (2022) and Gunadi and Ryu (2021) �nd that robot

exposure correlates with fewer repetitive tasks and injuries, emphasizing a positive e�ect of
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automation on low-skilled workers. We expand the focus and consider the entire spectrum of

frontier technologies, some of which aim at automating tasks while others aim at augmenting

tasks. In fact, we show that for both manual and cognitive workers overall, digitalization is

shifting jobs toward more complex and less automatable tasks and that this, in contrast to pure

automation technologies, has negative health consequences for manual workers. Another strand

of literature looks at how potential automation a�ects workers' health by inducing mental strain

(Blasco et al., 2024; Lordan and Stringer, 2022; Abeliansky et al., 2024). In contrast to those

papers, we use actual individual-level changes in the use of technologies at the workplace and

link them to the well-being of workers. Additionally, we can show how reduced subjective health

translates into increasing sickness absence, thereby also imposing costs on employers.

This paper also relates to the literature on how changing economic circumstances a�ect

workers' health (Sullivan and Wachter, 2009; Pierce and Schott, 2020; Case and Deaton, 2021).

Di�erent from this literature, we do not focus on workers who experience prolonged periods of

non-employment or sharply reduced wages, allowing us to isolate the e�ect of changing tasks at

the workplace on health. Given we do not detect signi�cant e�ects of digitalization on earnings

and employment, the estimated health consequences are plausibly driven by changing workplace

environments and job tasks and not changing economic circumstances. This highlights that

modern technological change induces a new dimension of inequality widening the health gap

across education groups (Meara et al., 2008; Currie, 2009). Further, our results imply that the

group of low-skilled workers is especially vulnerable as also less drastic shocks than exposure to

job loss strongly a�ect their welfare.

Hernnäs (2023) focuses on occupational decline, capturing slower-moving deterioration in

labor market prospects (Edin et al., 2023), and shows that gradual economic shocks also carry

signi�cant negative health e�ects, especially on initially lower-paid workers. Lastly, our �ndings

on how changing workplaces a�ect health also complement the expanding body of literature

highlighting the signi�cance of non-medical elements in contributing to health inequalities (Case

and Deaton, 2021; Finkelstein et al., 2021, 2024).

The remainder of our paper is organized as follows. Section 2 presents our data. Section 3

discusses our empirical strategy. Section 4 documents what kind of technologies and tools have

entered the workplace in the period under consideration and how they changed task pro�les.

Section 5 presents the results for health inequalities as well as potential mechanisms at work.

Section 6 concludes.
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2 Data and Descriptive Statistics

2.1 Data

Our analysis is based on the Digital Transformation of Work dataset (henceforth: DiWaBe,

�Digitaler Wandel der Beschäftigung�). It is a linked employer-employee dataset that combines

administrative information about �rms 3 and employees from social security records with a

separate �rm4 and employee survey5 that collect information about the adoption of digital

technologies at the �rm and worker level.

The �rm survey was conducted in 2016 among a representative sample of 2,032 German

establishments.6 The survey's purpose was to collect �rm level information on the use of digital

technologies both in 2016 and, retrospectively, in 2011. In order to complement this dataset with

more detailed information on the use of digital technologies at the workplace, a linked employee

survey was conducted in 20197, sampled from all 266,000 regular workers8 employed in any of

the surveyed �rms on June 30th, 2011 or 2016, and aged between 16 and 65 years in 2016. This

workforce is representative of the German workforce in 2011 and 2016. Since the sample was

strati�ed, we use sampling weights for all subsequent analyses. See Appendix B.2 for details on

the strati�ed sampling and the weights.

The purpose of the employee survey was to collect worker level information on the use of

(digital) work equipment at the workplace and a series of outcome dimensions. Importantly, the

employee survey was conducted independently from the employer survey, i.e. respondents were

contacted directly by the survey company and potential respondents were assured in advance

that participation is voluntary and with no disadvantage in case of non-participation. They were

also informed that any reported information would only be used for research purposes in an

anonymized manner with no data sharing with any third party beyond the involved research

institutes. This should help in avoiding any desirability biases regarding, e.g. health outcomes.

3To be precise, the dataset includes establishments rather than �rms, but we use the term ��rms� for simplicity.
4The �rm survey without additional administrative information is called �IAB-ZEW-Labor Market 4.0-

Establishment Survey (BIZA)� ( DOI:10.5164/IAB.FDZD.2107.de.v1 ), which is available at the Research Data
Centre (FDZ) of the German Federal Employment Agency. For a data report of the �rm survey, see Lehmer et al.
(2021)

5The DiWaBe employee survey without administrative data ( DOI:10.5164/IAB.DIWABE_W01.de.en.v1) is
available at the Research Data Centre (FDZ) of the German Federal Employment Agency. For a data report, see
Müller et al. (2023).

6 It is a strati�ed random sample of all German establishments with at least one employee subject to social
security contributions.

7See Appendix B.1 for details on the survey and non-response.
8The sample thus excludes civil servants, workers in minor jobs, interns, working students, and persons in

vocational training.
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As regards the contents of the survey, respondents were not only asked about their current use

of work eqipment, but also asked to retrospectively assess their use of work equipment in 2011

in the same way.9 By comparing the use of work equipment in 2011 and 2019, we are able to

construct a measure ofcomputerization and digitalization . With the term computerization we

refer to a change in the use of already mature computer-based tools, whiledigitalization relates

to frontier technologies of the latest technology wave such as arti�cial intelligence (see Section

2.3 for details).

In addition, the survey also collects information on the respondents' typical workplace tasks,

job requirements, and health status for both 2019 and 2011. This allows us to examine how

changes in these dimensions relate to computerization and digitalization. Furthermore, the

dataset includes valuable additional information on working conditions, workplace organization,

and training, as well as background characteristics such as migration status, household structure,

income, a self-assessment of someone's technical a�nity, self-e�cacy, and personality traits (�Big

Five�). Finally, the data was merged with administrative information from the social security

records of each sampled worker. This includes, among others, longitudinal information on workers'

employment status, earnings, occupation and industry.10

2.2 Sample of Analysis

For the subsequent analysis we mainly use the employee survey and impose a number of sample

restrictions on the DiWaBe sample of 7,698 respondents. As we want to �nd out how employees

are a�ected by digitalization induced by their �rm, we con�ne the sample to respondents who

are least likely to have consciously selected into a �rm due to digitalization and who cannot

decide for themselves on the use of digital devices. We, therefore, keep only observations from

employees in regular employment and those who were already employed in one of the surveyed

�rms in 2011.11 Additionally, we restrict the sample to individuals aged between 20 and 55 in

2011 to ensure that the results are not biased by (early) retirement. Further, as we use a rich set

9An extensive pretest was conducted to examine how to best help respondents to recall 2011. As a result of this
pretest, respondents were �rst asked to recall either a personal event in 2011, the nuclear catastrophe in Fukushima
in early 2011 or the soccer World Championship in 2010 before being asked to recall their work situation during
that time. With this approach, the majority of respondents was able to recall their work situation at that time.
Note that a remaining measurement error for the retrospective information is unproblematic as long as the recall
error is unrelated to workplace digitalization. At most, such random noise would attenuate our results.

10These records were merged from the Integrated Employment Biographies (IEB) of the Institute for Employment
Research (IAB). The precise citation of the data is: IAB Integrierte Erwerbsbiogra�en (IEB) V16.00.01-202012,
Nürnberg 2021.

11We thus drop 2,625 workers who entered a surveyed �rm between 2011 and 2016.
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of administrative information as controls, we lose all respondents who did not give consent to

linking their responses to administrative records. Lastly, all individuals with missing information

in any of the outcomes or treatment variables are dropped, which leaves us with a �nal sample

size of 3,235 individuals. This sample is representative of the German workforce employed in

2011, as Table 17 in Appendix B.3 shows.

2.3 Treatment De�nition and Key Outcome Measures

Measuring Digitalization at the Workplace Our main interest lies in the health e�ects of

the increasing use ofadvanceddigital technologies at the workplace, a process that we will refer

to as digitalization in the rest of the paper. The detailed information on the use of technologies

in the survey allows us to di�erentiate between a change in the use of these �smart� tools and

computer-basedmature digital technologies. We refer to the latter ascomputerization.

To be more precise, survey respondents were asked to assess their use of work equipment both

contemporaneously for 2019 and retrospectively for 2011. In particular, they were �rst asked

to assess whether and how often they use (or used) information and communication equipment

(ICT) or machines/tools. For both types of work equipment, workers were then asked to assess

to what extent these tools are (or were) computer-assisted (5-point Likert scale).12 To separate

more mature from advanced digital technologies, all respondents with at least a minimum use of

computer-assisted tools were asked to what extent the tools used at their workplace could also be

considered �smart� (5-point Likert scale). 13 For this, respondents were told that �smart� tools

are �computer-assisted tools that connect di�erent parts of the company or production process by

automatically forwarding or receiving information in order to control or optimize processes and

procedures�.14

As we are interested in whether individuals' health is impaired by an increase in thecomplexity

of digital tools rather than a sole increase in thefrequency, we measure workplace digitalization as

the degree to which someone's most frequently used workplace equipment has become "smarter"

between 2011 and 2019. To be precise, digitalization is calculated as the average change in the

12The exact wording for 2019 was: �To what extent is the work equipment that you use computer-assisted? By
�computer-assisted� we mean work equipment that processes data or is equipped with a computer.�. All 5-point
Likert scales are measured from 0 to 4, whereby 0 indicates low and 4 high levels of agreement.

13 For respondents who indicated that they would not use any computer-assisted tools, we impute a zero usage
for the use of �smart� tools.

14To ease the respondents' understanding, the survey provides examples for �computer-assisted� and �smart�
tools. For tools and machines, the examples were digital measuring or diagnostic devices, CNC machines, robots,
and 3D printers. For ICT, examples were digital fax, copy or telephone devices, desktop PCs, laptops, and
smartphones.
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use of smart ICT and smart machines, weighted by the initial importance of ICT relative to

machinesw2011
i :15

� Digi i = w2011
i � � ICT i + (1 � w2011

i ) � � Machines i (1)

This re�ects the intuition that an individual mostly working with machines experiences

machine-related technological change more strongly compared to ICT-related technological

change. Analogously, we calculate a measure of computerization at the workplace,� Compi , as

the change in computer-assisted tools with respect to ICT and machines/tools, again weighted

by the initial relative frequency of ICT use, w2011
i . Compared to previous studies that focused

only on a speci�c type of technology (e.g. robots), these general measures have the advantage

that they are applicable to workers independent of their industry or occupation. Further, we are

able to disentangle the impact of adopting modern technologies from the impact of adopting

mature technologies at the workplace. In Section 3, we show that this distinction is important as

computerization and digitalization are associated with very di�erent changes in terms of tools

used and tasks performed. However, while digitalization and computerization vary independently,

it has to be borne in mind that the structure of the survey means that we cannot always

cleanly separate them. For example, for a worker that starts from a situation with no computer-

assisted tools, the subsequent adoption of a smart tool will be counted as both digitalization and

computerization. As a consequence, we might assign some of the consequences of digitalization

to computerization. Given this inaccuracy in measurement, we �nd the stark e�ect di�erences

between digitalization and computerization that we �nd below even more remarkable.

Outcome Variables: Health Measures. Our key interest is to assess the impact of digital-

ization on health outcomes. In order to be able to depict a holistic picture and to allow for better

comparability with other studies, we use both objective and subjective health measures. As a

subjective measure, we use the di�erence between individuals' own assessment of health in 2019

and 2011 (surveyed in each year on a 10-point Likert scale). Additionally, we use the number of

sickness absence days in the 12 months preceding the interview in 2019 as an objective measure

of health.16

15We measure the initial relative importance of ICT as the relative frequency of ICT use relative to machine use
in 2011, i.e. w2011

i = f 2011
ICT;i =(f 2011

ICT;i + f 2011
Machines;i ).

16 Note that absence days are a�ected not only by health but also by institutional conditions such as paid
sick leave regulations (Maclean et al., 2020; Callison and Pesko, 2022). Germany has one of the most generous
universal sick leave systems, with a legally mandated minimal sick leave entitlement of six weeks per year. Hence,
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2.4 Initial Task Heterogeneity

As discussed in the introduction, we hypothesize that workers in previously more manual and less

complex jobs are more vulnerable to the increasing task complexity and cognitive requirements

induced by digitalization. In order to test this hypothesis, we �rst aim to classify workplaces

into meaningful subgroups using the survey information on 13 di�erent tasks performed at

the workplace in 201117. A common dimension reduction method in the social sciences is the

so-called principal component analysis (PCA) (see Acemoglu et al. (2014) and Sánchez De

La Sierra (2020) for recent examples). It is a data-driven approach that essentially summarizes

associations between multiple variables using a smaller number of �variables�, called principal

components, which capture most of the variation between the original variables. As we aim to

identify meaningful groups of employees based on the similarity of their initial workplaces, this

method is particularly well suited.

The results of the PCA suggest that a single principal component, which re�ects 29.21% of

the total variation of the original 13 variables, is a useful way to distinguish types of workers

in a parsimonious yet meaningful way. This component relates positively to typical o�ce tasks

like long periods of sitting, frequent writing, use of software and ICT, and negatively to manual

tasks that come with physical exertion and machine use, see Appendix B.4 for details.

Figure 1 shows that the PCA score relates well to occupation-level task shares commonly

used in the literature18: It correlates strongly and positively with analytical non-routine and

routine cognitive tasks, but negatively with manual tasks. Moreover, Figure 1 also shows that

skill requirements19 increase with the PCA score. Overall, our PCA component thus seems to

summarize important multi-dimensional workplace di�erences in only one dimension.

Yet, as we want to investigate whether digitalization adversely a�ects workers in more manual

and less complex workplaces, which are based on the lower end of the PCA score distribution,

compared to workers in already more complex workplaces, we need to �nd a suitable cuto�

between those two worker types. Here, we make use of the classi�cation of occupations based on

their main task share according to Autor et al. (2003) (henceforth, ALM).20

di�erences in sick leave that are related to workplace digitalization are likely to re�ect health shifts rather than
any institutional di�erences.

17These tasks include, among others, the frequency and degree of cognitive and physical tasks, but also of work
pressure and independence. A full list and description of the variables can be found in Appendix B.4.

18 For this we merge in information on the occupation-level task shares from Dengler and Gundert (2021).
19The skill requirements are indicated by the �fth digit of the German occupation code and refer to the skill

level that the employer considers necessary for the job. It distinguishes helpers from skilled workers, specialists,
and experts.

20 Occupations are classi�ed as either analytic non-routine, interactive non-routine, cognitive routine, manual
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Figure 1: Comparison between ALM task categories, skill requirements, and PCA score

Notes: These graphs show the correlation between the PCA score and occupation-level task shares as well
as the occupational skill requirement (denoted �niveau�). The PCA score is obtained from a principal
component analysis using respondents' information on tasks performed at their workplace in 2011 and re�ects
the frequency of typical o�ce tasks (for details, see Appendix B.4). Occupation-level task shares are obtained
from the BiBB/BAuA Employee Survey 2012 and divided into analytic non-routine (ANR), interactive
non-routine (INR), cognitive routine (CR), manual routine (MR), and manual non-routine (MNR) tasks.
These tasks are mutually exclusive and sum up to 1 for each 2-digit occupation. The occupational skill
requirement is indicated by the �fth digit of individuals' KldB occupation code in 2011. It ranges from 1 to 4,
with 1 being unskilled and 4 highly complex tasks. Observations are weighted using post-strati�ed sampling
weights, further explained in Appendix B.2.

Figure 2 shows that the lowest tertile of the PCA score distribution (the area below the vertical

line) contains mostly workers in manual occupations, whereas the upper two tertiles consist of

merely cognitive or analytical occupations. This classi�cation allows us to test whether �manual

workers� (lowest tertile) face a more severe health burden through the increasing complexity

induced by new digital technologies than �cognitive workers� (upper tertiles).

routine, or manual non-routine if the respective task share exceeds the other task shares.
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Figure 2: Kernel-density plot of the PCA score across occupation main groups

Notes: This graph displays the kernel-density plot of the PCA core separately for each occupation main
group. The PCA score is obtained from a principal component analysis using respondents' information on
tasks performed at their workplace in 2011 and re�ects the frequency of typical o�ce tasks (for details, see
Appendix B.4). Individuals are categorized into occupation main groups based on the most common type of
tasks performed in their occupation in 2012. Occupation-level task shares are obtained from the BiBB/BAuA
Employee Survey 2012 and divided into analytic non-routine (ANR), interactive non-routine (INR), cognitive
routine (CR), manual routine (MR), and manual non-routine (MNR) tasks. These tasks are mutually exclusive
and sum up to 1 for each 2-digit occupation. Observations are weighted using post-strati�ed sampling weights,
further explained in Appendix B.2.

2.5 Descriptive Statistics

Table 7 in Appendix A provides summary statistics for the individual-level controls of both

worker groups. On average, manual workers turn out to be younger, more likely to be male and

migrants, and have much less education than cognitive workers.21 Manual workers also report

di�erent personality traits, e.g., a lower level of extraversion, less technological comprehension,

slightly lower subjective health, and, unsurprisingly, lower labor income.

Manual and cognitive workers do not seem to work in di�erent �rms in terms of their size, but

of their structure: Manual workers are more often in manufacturing �rms with a high share of

21Although the skill level is strongly related to the worker group, the use of our task-based approach of classifying
workers is preferable to a skill-based classi�cation as a high fraction of workers hold a vocational degree although
their workplaces di�er substantially. In addition to this omitted heterogeneity for individuals with vocational
education, a feature of the German vocational system is that only very few employees have no degree at all. Still,
we use a skill-based classi�cation in a sensitivity analysis.
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blue-collar workers and a low share of highly skilled individuals. Further, their �rms mainly use

analog tools, whereas cognitive workers' �rms are mostly equipped with computerized tools (see

Table 8 in Appendix A for details).

Finally, Table 9 in Appendix A provides summary statistics for our treatment and outcome

variables. On average, workers report an increase in workplace digitalization by 0.48 points

(from an initial level of 1.15). For comparison, the initial level of computerization in 2011 at the

average workplace was 2.14 and increased only by 0.18 points between 2011 and 2019. Hence,

on average, there is a strong trend towards digitalizing workplaces in Germany. However, in

relative terms, manual workers experience digitalization more rapidly. Given their initially low

level of 0.61 points, they experience an increase of around 65%, while cognitive workers "only"

see an increase of around 35% on average. Further, manual workers face both an increase in

computerization and digitalization, whereas cognitive workers' workplaces seem to be already

computerized.

When it comes to health outcomes, the average worker reports 9.8 days of sick leave in 2019 and

a decline in subjective health by 0.36 points (from initially 7.86 points in 2011) re�ecting - among

other factors - aging.22 However, one can observe stark di�erences between worker types: Manual

workers report more than twice as many days of sick leave than cognitive workers and both a

lower initial level as well as a much stronger decline in subjective health. As shown, our worker

type classi�cation maps di�erences in education levels well, meaning that this health di�erence is

in line with other studies that observe disparities in health outcomes between education groups

(e.g., Meara et al. (2008); Currie (2009)). Whether the stronger health decline for manual and,

thus, low-skilled workers is partly due to modern technological change and thus digitalization

accelerates existing health gaps is the focus of the subsequent analysis.

3 Digitalization at the Workplace

Before examining the health e�ects of digitalization, we �rst aim to get a better picture of

what workplace digitalization (compared to computerization) actually entails in terms of the

adoption of new technologies and related task shifts. Describing these processes using workers'

own assessment is interesting in itself, as only a few studies are able to describe changes at

22 On average, employees in Germany had 10.9 sick days in 2019. This di�erence can be explained by the
sampling exclusion of older employees, which is why our sample is also 4 years younger than the population of
employees in Germany.
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the workplace level for the same workers across time and not rely on higher aggregates or use

repeated cross-sectional information.

Adoption of Advanced Technologies. We �rst show what our digitalization measure actually

captures in terms of tools and technologies used. For this, we calculate the change in the frequency

with which respondents report using speci�c digital tools (asked in 2011 and 2019 on a 5-point

Likert scale).We regress this di�erence on our measure of digitalization while controlling for

initial workplace and �rm characteristics, as well as occupation-level �xed e�ects.

Figure 3: Digitalization and change in tools used

Notes: This �gure displays the coe�cients of separate regression of a change in the use of a speci�c digital
tool used on digitalization. "VAR" refers to virtual and augmented reality, "AI" to arti�cial intelligence. The
frequency of tool use is measured on a 5-point Likert scale in 2011 and 2019 and the change is calculated
as the di�erence. Digitalization refers to a change in the use of modern digital work equipment, like smart
devices. The construction of the treatment variable is explained in Section 2.3. In all regressions, we control
for initial workplace and �rm characteristics (as in Equation 2), as well as 2-digit occupation �xed e�ects.
Observations are weighted using trimmed post-strati�ed sampling weights, further explained in Appendix B.2.
Whiskers display 95%-con�dence intervals obtained from robust standard errors clustered at the �rm level.

Figure 3 shows that workers who report more workplace digitalization are also signi�cantly

more likely to report an increase in the use of modern technologies, such as the Internet of

Things, big data, arti�cial intelligence, blockchain technology, and virtual augmented reality.

This con�rms the plausibility of our measure: Workplace digitalization seems to capture the
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