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• Lump-of-labor fallacy

• Nature of work is rapidly transforming

• Demands are placed on the labor force to adapt

• Policy issue is NOT that we are “running out of work” 
BUT that workers need to be able to adjust to changing 
skill demands

Stylized Facts 



What We Do

Provide anatomy of how workers adjust to changing skill 
demands brought about by recent technological changes, 
and how those adjustments relate to wage and employment 
outcomes

- Take a task-based approach
- Use high-quality individual-level panel data for West Germany (1990-2005)
- Data includes employment and wage history of workers together with 

individual level task measures that vary within and between occupations, and 
over time

- Investigate individual-level task changes owing to occupational mobility and 
task changes within occupations, taking differences in task-specific human 
capital and other forms of human capital into account



Task-Based Approach 
to Technological Change



Changes in Employment Shares 
by 1990 Task Inputs

(1990-2005)



Main Findings

• Workers move away from routine tasks towards non-routine 
cognitive tasks

• Task adjustments occur within occupations and through 
occupational mobility

• Both sources of adjustment are important in terms of wages 
and employment

• Task-specific human capital important beyond general 
education effects

• Individual component important, not only average 
occupational task inputs 



Lessons for AI and Labor

• Time period 1990-2005: computerization, information 
technology, automation relevant technologies (substitutes 
for routine tasks)

• AI potentially different effects on labor demand than 
robots and software

- Affects different tasks/occupation (e.g. medical diagnosis, detecting 
fraud)

- Affects very different people (e.g. laboratory personnel, doctors, 
lawyers)

• AI might potentially countervail current trends in wage 
inequality 



Lessons for AI and Labor

• Assessment includes substantial uncertainty:

- How will technology evolve in the future?

- To which tasks is AI complementary?

- Which new tasks/occupations will arise?

• Again: most likely we will not run out of work but workers 
need to be resilient, i.e. capable to cope with changes in 
skill demand  
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Changes in Employment by 
Occupational Skill Percentile, 1980-2005



Changes in Employment by 
Occupational Skill Percentile (1990-2005)



Changes in Wages by Occupational Skill 
Percentile (1990-2005)



Changes in Wages by Occupational Skill 
Percentile (1990-2005)



Changes in Wages by 1990 Task Inputs
(1990-2005)



Non-Employment by 1990 Task Inputs
(1990-2005)



Broad Labor Market Trends:
Indexed Wage Growth (1980-2010)

Men     Women

Data: IAB Sample-of-Integrated-Labor-Market-Biographies Regional-File, 1975-2010. 



Is Germany an Interesting Country
to Look at?

Number Robots per Million  Hours 
Worked Changes from 1993-2007

GER 1.71 2.73
SWE 1.36 0.80
BEL 1.20 1.23
ITA 1.13 1.39
FRA 0.79 1.20
FIN 0.68 1.05
AUT 0.63 0.61
UK 0.50 0.34
DNK 0.42 1.57
US 0.41 0.97
ESP 0.36 1.21
KOR 0.28 1.31
NLD 0.25 0.54
AUS 0.07 0.12
HUN 0,05 0.08
GRC 0.00 0.03
IRL 0.00 0.10

Average 0.58 0.90

Source: International Federation of Robotics (IFR)--World Robotics database (2012).  Country-level and overall 
means weighted by each industry's 1993 share of hours within a country (Graetz and Michaels, 2018).



Main Finding

• Resilient worker navigate the labor market by adjusting what they do using 
both adjustments within occupations and adjustments associated with 
occupational mobility.

• Both sources are important in terms of wages and employment.

• Task-specific human capital important, in addition to general human capital.

• Individual component important, not only average occupational task inputs. 



Data I

SIAB (1990-2005)

• 2 percent random sample of employment subject to social 
security with employment and occupational mobility 
history of workers

Qualification and Career Survey (BIBB-IAB/BauA data)

• Independent cross-sections of West German employees 
(1979, 1986, 1992, 1999, 2006)

• Task information on individual level
->quality of data corroborated recently by Atalay et al. 2018. 



Assignment of Activities



Task Shares

with c: non-routine cognitive tasks
r: routine cognitive or manual tasks
m: non-routine manual tasks



Sample

SIAB restricted to:

• Male prime-age workers (25-55) 
- who work full-time
- have no more than 95 days of employment interruptions within 

two consecutive years
- who had only one occupational change within this time window

• Time period: 1990-2005

• Number of observations: 1,443,269

Augmented with task information imputed on very small cell 
level 

(~ individual- level) using the BIBB-IAB data



Evolution of Task Inputs in the Labor Market



Advantage of Data



Individual-Level Specification I

Main specification:

where i indicates individuals, o occupations, t calendar 
year and s sector.

Main outcome variables:
• Occupational mobility of individual i between t-1 and t
• Task changes by individual i between t-1 and t+1



Definition of Main Variables

Proxy for Automation:

- Typical recent measure of potential technology shock (e.g. 
Acemoglu and Autor in various studies).

- Captures `automation’ broadly defined, including its early 
developments, i.e. automation that substitutes individuals mostly in 
performing codifiable/programmable tasks. 

Task-specific HK:

-> task shares of the past four years relative to the task shares of a 
person who worked all the time in the occupation 



Endogeneity

Sources for potential bias:

- unobserved heterogeneity that affects the type of occupations in 
which individuals work, occupational mobility and task adjustments 
(for example, evidence that occupational employment declines 
driven by inflows falling short of outflows, with `incumbents’ 
becoming increasingly selective). 

Addressed as follows:

- IV approach that uses information on what robots do in 
combination with U.S. occupation information from the 1980 
(Graetz and Michaels, 2018).

- Uncorrelated with εiot because robots capabilities and U.S. 
occupational content in 1980s uncorrelated with contemporaneous 
unobserved heterogeneity in German occupational employment.

- IV likely to be partially correlated with 𝑅𝑇𝐼$%&'( because of historical 
similarities in occupational content (before computer and 
information technology started to spread at the workplace). 



Data II

International Federation of Robotics (IFR) Data
• Data used by Graetz and Michaels (2018), Acemoglu and 

Restrepo (2019b) and Dauth et al. (2019).

• Country-industry-time data on deliveries of robots and 
robot applications for 50 countries 1993-2007.

• IFR definition of robots: `manipulating industrial robots’, 
i.e. automatically controlled, re-programmable, multi-
purpose machines
(International Standardization Organization, ISO  Code 8373).

• We use the industry-level instrumental variable suggested 
by Graetz and Michaels (2018) on the occupation-level (i.e. 
before the variable is aggregated on the industry level).



Instrumental Variable: Replaceable Occupation

• IFR data include data on robot applications, classifying the 
tasks performed by robots.

• Match these data to U.S. occupations in 1980, before the 
spread of robots, and classify those occupations as 
`replaceable’ if by 2012 the occupations tasks would have 
been replaced by robots.

• Graetz and Michaels (2018) use this variable aggregated to 
the industry level; we use the occupation-level variable before 
the aggregation to the industry-level and match these to our 
German occupation codes.

• Graetz and Michaels (2018) has finer occupational codes, so 
we use employment-weighted measures (weights from Graetz
and Michaels).



Change in Occupation Between (t-1) and t
Linear Probability Models



Change in Occupation Between (t-1) and t
IV, Second Stage Results



First Stage Results
Dep. Var.: Proxy for Automation



Task Changes Between (t-1) and (t+1)
OLS



Task Changes Between (t-1) and (t+1)
IV, Second Stage Results



Implications for Wages and Employment



Additional Results



Task-Specific Human Capital
(Accounting for Individual Specific Tasks)





Individual Deviation in Task Inputs 
from Occupation Average





Task-Specific Skill Accumulation



Decomposition of Wage Changes (1)



Decomposition of Wage Changes (2)



Interpretation

§ Output price for routine intensive occupations falling over time, 
and for nonroutine cognitive occupations rising. 

§ Individual may switch occupation voluntarily if wages increase 
because of higher output prices or because of higher individual 
return to task-specific human capital

§ Involuntary occupation changes may be associated with wage 
declines because changes in average task inputs may render 
accumulated skills less productive or lead to depreciation of task-
specific human capital (Gathmann and Schönberg, 2010; 
Kamborouv and Manovskii, 2008, 2009; Groes, Kircher and
Manovskii, 2014)

§ Decomposition rationalizes occupational churning (movements in 
and out of the same occupation) owing to individual/match 
specific effects



Additional Slides



Task Share Regressions

• Task shares for categories jÎ {non-routine cognitive, 
routine cognitive and routine manual, non-routine 
manual} based on Antonczyk, Fitzenberger, Schulze 
(2009):

• Regress task measures on occupations, age, skill 
groups, wage and interactions (e.g. wage x occupations, 
age x occupations)

• Impute fitted task share values for survey years of 
BIBB-IAB data in SIAB

• SIAB: Interpolate imputed values for years between 
BIBB-IAB survey years



Quality of Imputation: Standard Deviation of 
Observed and Fitted Task Shares 


