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Small Dollar Donations and Globalization:
How Trade-Related Layoffs Translate to Costly

Political Action

James Bisbee, Patrick Y. Wu, Maggie Macdonald, Megan A.
Brown, and Rachel Porter
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Three Stylized Facts

· First, there has been a political shift toward the right
among less educated Americans, especially whites.

· Second, this group has faced an increase in the economic
hardships associated with free trade.

· Third, the political right has grown more anti-globalist over
this same period.
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Aggregate patterns and IPE
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Aggregate patterns and IPE

The traditional IPE model:

People rationally support parties that safeguard* their welfare
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Missing microfoundations
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Missing microfoundations
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Missing microfoundations
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The Puzzle

Do people rationally support parties that safeguard* their welfare?

Or are they emotionally motivated by xenophobia, racial
resentment, and anxiety over changing demographics?

In other words, why do Americans support former president Trump?
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The Puzzle

Do people rationally support parties that safeguard* their welfare?

Or are they emotionally motivated by xenophobia, racial
resentment, and anxiety over changing demographics?
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Our Claim

· Existing evidence suffers from data limitations

· In aggregate data: ecological inference fallacies
· In survey data: measurement issues
· In both: How do we measure “exposure”?
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Our contribution

· Use richer data

· Time series cross sectional
· Self-reported attitudes
· Coarse measures of exposure

· ·
·
·
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Our contribution

· Use richer data

· Time series cross sectional → individual panel
· Self-reported attitudes → costly behaviors
· Coarse measures of exposure → nuanced measures

· ·
·
·
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Our contribution

· Use richer data

· Time series cross sectional → individual panel
· Self-reported attitudes → costly behaviors
· Coarse measures of exposure → nuanced measures

· Apply more robust methods

·
·
·
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Our contribution

· Use richer data

· Time series cross sectional → individual panel
· Self-reported attitudes → costly behaviors
· Coarse measures of exposure → nuanced measures

· Apply more robust methods

· Within-donor variation
· Before and after layoffs
· More exposed vs more insulated
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Our Finding

· Exposure to trade-related layoffs corresponds to decline in
support for Democratic groups...

· ...In Washington state
· ...Between 2016 and 2018

· ...and an increase in support for Republican groups

· ...In Pennsylvania and Ohio
· ...Between 2017 and 2022
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Our Finding
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· ...In Washington state
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How we do it: Data

· Outcome: Donations to ActBlue and WinRed PACs

· Scraped using the FEC API
· Universe of donations to either of these (increasingly)
dominant aggregators

· Observe small dollar donors who have previously been
invisible to political science research

· Predictor: Donor characteristics

· Occupation & employer: measure labor market fragility
· Physical address: measure distance-based exposure
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How we do it: Data

· Outcome: Donations to ActBlue and WinRed PACs

· Scraped using the FEC API
· Universe of donations to either of these (increasingly)
dominant aggregators

· Observe small dollar donors who have previously been
invisible to political science research

· Predictor: Donor characteristics

· Occupation & employer: measure labor market fragility
· Physical address: measure distance-based exposure
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How we do it: Data

Lordstown, OH

March 6, 2019

GMC Shutters Factory

Tukwila, WA

August 7, 2017

Boeing layoffs
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How we do it: Methods

· Core method: diff-in-diff

· Exposed-vs-insulated before-vs-after plant closure

· Challenges:

1) When do people learn about plant closure?
2) Who is “exposed”?
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How we do it: Methods

· Core method: diff-in-diff

· Exposed-vs-insulated before-vs-after plant closure

· Challenges:

1) When do people learn about plant closure?
2) Who is “exposed”?
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Challenge 1: Timing
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Challenge 1: Timing
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Challenge 1: Timing
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Solution 1

· Aggregate to year and compare 2016 to 2018

· Aggregate to week and subset to only 2017
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Challenge 2: Exposure

30 miles

Recipient

ACT BLUE

EARMARK

$ Value

$10

$100

$500

$1,000

$5,000

August 7th, 2017

All small dollar donations near Boeing factory
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Challenge 2: Exposure

Loss (<$0)

Stagnant ($0−$8,000)

Slow Growth ($8,000−$12,000)

Growth ($12,000−$20,000)

Rapid Growth (>$20,000)

W
ag

e 
gr

ow
th

Change in average annual wages (2006−2016)

Total donations per capita by labor market position

Loss (>5% decline)

Stagnant (5% decline−5% growth)

Slow Growth (5%−40% growth)

Growth (40%−90% growth)

Rapid Growth (>90% growth)

$0 $200 $400 $600
Average total donation amount per capita (2016−2018)

Jo
b 

gr
ow

th

% Change in number of jobs (2006−2016)
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Solution 2

(1) yi ,t = αi + β1closei + β2postt + β3close ∗ post + εit

(2) yi ,t = αi + β1fragilei + β2postt + β3fragile ∗ post + εit

(3) yi ,t = αi + β1close + β2post + β3fragile

+ β4close ∗ post + β5close ∗ fragile + β6post ∗ fragile
+ β7close ∗ post ∗ fragile
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Results: Boeing
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Results: Boeing
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Results: Boeing
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Results: Lordstown

WinRed

ActBlue

Combined Data

−10 0 10
Post*Close Coefficient

R
ec

ip
ie

nt

Post−layoffs by proximity by recipient

Lordstown Results
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Limitations & Next Steps

· Outcome:

· Hopefully can define recipients by protectionism
· Other behaviors including turnout via L2

· Scope:

· Currently only looking at donors living in the states of
interest (WA, PA, and OH)

· Hopefully can look at (1) other layoffs and (2) all
donors everywhere

· Exposure:

· Currently using geographic distance and
occupation-based fragility

· Hopefully can define distance more carefully; use
industry to determine exposure to import competition;
and use all three to implement occupational immobility
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Thank you!

· Me: jamesbisbee.com

· Patrick Y. Wu: patrickywu.com

· Maggie Macdonald: maggiegmacdonald.com

· Megan A. Brown: meganbrown.org

· Rachel Porter: rachelporter.org

https://www.jamesbisbee.com
https://www.patrickywu.com/
https://maggiegmacdonald.com/
https://www.meganbrown.org/
https://rachelporter.org/
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Appendices

Heterogeneity by race and gender

Regression tables

Additional marginal effects

Timing Discussion

Other extensions
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Heterogeneity by race and gender

Average Amount Total Amount

G
ender

R
ace

G
ender−

R
ace

−$50 −$25 $0 $25 −$200 −$150 −$100 −$50 $0

Female

Male

Non−white

White

Not white male

White Male

Interaction Coefficient Estimate

S
ub

se
t b

y 
do

no
r 

ch
ar

ac
te

ris
tic

s
Comparing total donations to average donations

Coefficient Estimates by Subset

Back
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Regression tables

Dependent Variable: Total amount donated
Model: (1) (2) (3) (4) (5) (6)

Variables
Post 63.76∗∗∗ 30.10∗∗∗ 74.83∗∗∗ 37.13∗∗∗

(2.729) (2.506) (2.865) (2.623)
Close 43.80∗∗∗

(2.846)
Fragile -6.455

(5.061)
Post × Close 51.51∗∗∗ 57.82∗∗∗

(4.685) (4.922)
Post × Fragile -199.4∗∗∗ -136.9∗∗∗

(6.760) (5.886)
Post × Fragile × Close -94.41∗∗∗

(11.27)

Fixed-effects
Donor Yes Yes Yes Yes
Year Yes Yes

Fit statistics
Observations 380,712 380,712 380,712 380,712 380,712 380,712

R2 0.59511 0.00166 0.00116 0.59528 0.59570 0.59591

Clustered (Donor) standard-errors in parentheses
Signif. Codes: ***: 0.001, **: 0.01, *: 0.05, .: 0.1

Back
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Additional marginal effects
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Extension Ideas

· Distance and exposure

· Info-relevant area might be larger in more sparsely
populated areas?

· Need to drive further for basic needs
· Info overload in more densely populated areas

· SafeGraph data on Census block group-to-block group
daily travel

· Travel for leisure versus work carries different
implications for what I see / notice
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