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Manufacturing Decline & Far-Right Voting
Structural employment shocks:

⋄ Trade Shocks: Dippel et al. (2022); Autor et al. (2020); Rodrik
(2018); Colantone and Stanig (2018a, 2018b), Margalit (2011)

⋄ Automation Shocks: Anelli et al. (2019, 2021), or Frey et al. (2018)

→ Trade and technology are the causes of the manufacturing decline

→ Reduced form relationships

→ Only tell part of the story

Temporary employment shocks:

⋄ Great Recession, Euro-Crisis & Austerity: Algan et al. (2017);
Fetzer (2019)

⋄ Financial Crises: Funke et al. (2016)

⋄ Mass Layoffs: Dehdari (2021)



The Role of Immigration

Large Literature on the effects of immigration
⋄ Austria: Steinmayr (2021), Halla et al. (2017)
⋄ International: Barone et al. (2016), Brunner et al. (2011),

Dustmann et al. (2019). Edo et al. (2019),...

Generally finds that (in particular low-skilled) immigration
increases far-right voting.

→ Effect not independent of employment conditions
→ Low-skilled migrants exacerbate labor market competition in
manufacturing



This paper:

⋄ Connection between manufacturing decline and far-right voting in
Austria

⋄ Assessing the role of trade and technology

⋄ Investigational period: 1995-2017



Data:

⋄ Employment Data: Austrian Social Security Database (ASSD)
Covers the universe of Austrian employees between 1975-2018

⋄ Voting Data: Austrian Ministry of the Interior (BMI)

⋄ Trade Data: UN Comtrade Database

⋄ Robotics Data: International Federation of Robotics (IFR)



Estimation:
I estimate the following equation on the regional level:

%∆Votesharert = γ%∆Manuf .Emp.rt + Xrtβ + ρr + τt + ϵrt

With:

⋄ X : Set of Controll Variables

⋄ τt , ρr : Period and Region Fixed-Effects

⋄ Regional Units: Clustered Commuting Zones Appendix 1

⋄ Four Panel periods:
− 1995-2002, 2002-2008, 2008-2013 and 2013-2017
− Not of equal length because elections take place irregularly
− Elections of 1999 and 2006 skipped to avoid very short

intervals and be able to isolate (more) long run trends
− Robot data is not available prior to 2002

⋄ Weighted by eligible population



Control Variables:

⋄ Demographic controls of the native voting age population:
- Shares of females, 3 educational groups, 3 age groups

⋄ Regional Characteristics:
- log(gross regional product)
- log(unemployment rate)
- Degree of urbanization (Share of population in urban areas)

⋄ Structure of the local economy
- Detailed industry structure

⋄ Immigration Controls:
- Migrant shares
- Change in migrant shares
- Separatelly for high-, medium- and low-skilled immigrants



The Bartik Instrument:

The Bartik Instrument is based on two accounting identities:

⋄ Regional employment growth can be expressed as a weighted sum of
industry-region growth rates (weighted by the size of each industry)

%∆Emprt =
∑

i

Empirt
Emprt

× %∆Empirt

⋄ Regional employment growth in industry i can be decomposed into
the industry level growth rate and an idiosyncratic regional term

%∆Empirt = %∆Empit + g̃irt

whereby i ∈ Manufacturing Industries and
∑

i
Empirt
Emprt

= 1



The Bartik Instrument:
Combining these two accounting identities gives:

%∆Emprt =
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︸ ︷︷ ︸
Endogenous!

The Bartik Instrument is constructed from this by:
− Lagging the exposure shares into the past
− Using growth rates from other geographical regions

Bartik IV
rt =

∑
i

Empirt−15
Emprt−15

× %∆EmpOtherRegions
it∑

i

Empirt−15
Emprt−15

× %∆Empit +
∑

i

Empirt
Emprt

× g̃OtherRegions
irt

︸ ︷︷ ︸
Exogenous
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Identifying Assumptions:

Bartik IV
rt =

∑
i

Empirt−15
Emprt−15

× %∆EmpOtherRegions
it

(1) Exogenous shares condition
− Goldsmith-Pinkham et al. (2020)
− Sufficient (but not necessary) condition
− Requires Empirt−15

Emprt−15
to be exogenous

→ not really plausible that industry composition is unrelated to
voting beyond impact on employment growth (e.g.
compositional effects)

(2) Exogenous shocks condition
− Borusyak et al. (2022) and Adao et al. (2019)
− Sufficient and necessary condition
− Requires %∆EmpOtherRegions

it to be exogenous
→ more plausible in this setting



The Bartik Instrument:

The shocks %∆Empit are computed from other European
countries:

− from EuroStats Structural Business Statistics
− Belgium, Czechia, Finland, France, Hungary, Italy, Netherlands, Norway,

Portugal, Spain and Sweden

Bartik IV
rt =

∑
i

Empirt−15
Emprt−15

× %∆EmpOtherCountries
it



Results



Main Results:
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Main Results:

⋄ Second Stage:
− Negative relationship between changes in manufacturing

employment and changes in far-right voting
− Declines in manufacturing employment thus increase support

for the far-right

⋄ First Stage:
− Bartik IV is sufficiently strong and appears relevant
− First stage coefficient has expected sign
− Around 16% of manufacturing employment growth in Austria

is explained by common industry level trends with the IV
countries



Additional Results:

⋄ Effect is entirely mediated through increases in natives
unemployment rates Appendix 2

⋄ Increases in far-right voting come primarily at the expense of the
center-left Social Democratic Party Appendix 3

⋄ The far-left Communist Party also benefited from the
manufacturing decline (albeit to a much smaller extend) Appendix 3



The role of trade and technology:

To asses the relative contributions of trade and robot exposure I estimate:

%∆Votesharert = γ∆Shockrt + Xrtβ + ρr + τt + ϵrt

where ∆Shockrt corresponds to a regional measure of either net-import-
or robot-exposure. Following Autor et al. (2013) and Acemoglu and
Restrepo (2020), these measures are calculated as shift share variables

∆Net-Importsrt =
∑

i

Empirt
Emprt

× ∆Net-Importsit
Empit

∆Robotsrt =
∑

i

Empirt
Emprt

× ∆Robotsit
Empit



The role of trade and technology:

To obtain causal estimates, the measures of net-import and robot
exposure are instrumented with respective shift-share instruments:

∆Net-ImportsIV
r ,t =

∑
i

Empi,r ,t−15
Empr ,t−15

×
∆Net-ImportsOtherCountries

i,t
Empi,t−15

∆Robots IV
r ,t =

∑
i

Empi,r ,t−15
Empr ,t−15

×
∆RobotsOtherCountries

i,t
Empi,t−15



The role of trade and technology:

Employment effects of trade and technology Appendix 4



Benchmarking Effect Size:



Robustness Checks:

⋄ Pre-Trend Tests

⋄ Balance Tests

⋄ Outliers & Influential Observations Appendix 6

⋄ Fixing exposure shares at common base year Appendix 7

⋄ Changes in voter turnout Appendix 7

⋄ Internal migration responses Appendix 7

⋄ Alternative definitions of regional units Appendix 8



Pre-Trend Tests



Summary of Main Findings:

▶ Declines in manufacturing employment lead to increases in far-right
voting

▶ This increase is entirely mediated through increases in natives
unemployment rates Appendix 2

▶ The increase of far-right voting coincides with a decrease in the vote
shares of the Social Democratic Party and of small fringe parties

Appendix 3

▶ Increases in the exposure to international trade and robotization are
of roughly equal importance

▶ While the positive (exports) and negative (imports) employment
effects of trade exposure are of roughly equal size, the electoral
effects are highly asymmetric with the increasing effect of imports
strongly dominating the offsetting effect of exports Appendix 5



Thank you for your attention!



Appendix Quick Links:

▶ Commuting Zones Appendix 1

▶ Causal Mediation Model Appendix 2

▶ Inter-party dynamics Appendix 3

▶ Employment effects of trade and automation Appendix 4

▶ Separate electoral effects of imports and exports Appendix 5

▶ Robustness checks Appendix 6-9
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Appendix 1: Commuting Zones

Because of regional spillovers, these estimations cannot be performed
using the 2.095 Austrian municipalities as units of observation.

Possible Solutions:

⋄ Political Districts

⋄ Commuting Zones (following Tolbert and Sizer, 1996)
– Idea: Cluster municipalities according to the strength of their

commuting-ties
– Implementation: Horizontal Clustering Alogrithm
– Data on commuting flows: Statistik Austrias registry based

census (since 2011)
– Extensively used in the literature on trade- and automation

based labor market shocks



Appendix 1: Commuting Zones

Estimation of Commuting Zones:
The Horizontal Clustering Alogrigthm

⋄ Municipalities are clustered according to their distance 0 ≤ Dij ≤ 1

⋄ Dij is computed from the commuting flow data
(for a detailed description see Tolbert & Sizer, 1996)

⋄ The smaller Dij is, the stronger are the commuting ties between two
communities

⋄ "Closest" communities are clustered

⋄ Algorithm stops when the average between cluster distance is equal
to h ("tuning constant")

⋄ Tolbert and Sizer (1996) tune the algorithm to h = 0.98



Appendix 1: Commuting Zones
Table: Comparison of different "Local Labor Market" definitions

LLM Commuters within LLM N
Municipalities: 47.30% 2090
Political Districts: 65.62% 94
Commuting Zones:

h = 0.98 70.07% 238
h = 0.9825 71.57% 197
h = 0.985 72.75% 158
h = 0.9875 74.18% 124
h = 0.99 75.31% 100

⋄ Commuting Zones capture Commuting Flows much better
⋄ They thus control better for spatial employment spillovers
⋄ I use a baseline definition of h = 0.99
⋄ Morans I: districts and lower configurations fail to capture spatial

spillovers
Text Summary Appendix Overview



Appendix 2: Causal Mediation Model

Causal mediation model in single instrument settings from Dippel
et al. (2022)

Text Summary Appendix Overview



Appendix 3: Inter-party dynamics

Text Summary Appendix Overview



Appendix 4: Trade & Robots - Employment Effects
(Overall)



Appendix 4: Trade & Robots - Employment Effects
(Natives Only)

Text Summary Appendix Overview



Appendix 5: Import- and export-exposure separately

Text Summary Appendix Overview



Appendix 6: Outliers & Influential Observations

Robustness Checks Summary Appendix Overview



Appendix 7: Further robustness checks

Robustness Checks Summary Appendix Overview



Appendix 8: Alternative definition of regional units

Robustness Checks Summary Appendix Overview
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