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1 Introduction

Do political preferences of employees align with those of their employers? This important question relates

to long-standing research on the origins of political preferences and the formation of coalitions.

Whereas rational choice accounts hold that economic self-interest dictates political preferences

(Meltzer and Richard, 1981), others assert that sociotropic perceptions of the country or soci-

ety as a whole determine preferences (Kinder and Kiewiet, 1979; Lewis-Beck and Paldam, 2000).

Research in the former tradition from Comparative (CPE) and International Political Economy

(IPE) states that factor ownership, (Rogowski, 1989) sectors of employment (Hiscox, 2002b), or

individual occupations (Kitschelt and Rehm, 2014) are an important source of political prefer-

ences. Occupation-level factors such as offshorability (Owen and Johnston, 2017), task routineness

(Thewissen and Rueda, 2017), or skill specificity of an occupation (Iversen and Soskice, 2001) have

been show to shape preferences for redistribution, free trade, or labor market risk.

In this paper, I argue that political alignment between firms and employees depends on the

asset specificity of an individual’s firm. In firms with more specific assets, the economic interests

between employers and employees will be more aligned, as the fate of jobs is tied more closely

to the firm. Therefore, individuals working in firms with high asset specificity are more likely

to share political preferences with their employers. However, observing both individual political

preferences and the preferences of individual’s employers at the same time is very difficult in

practice. 1

This paper provides three main contributions. First, I create a unique dataset of employer-

employee political preferences by matching 1,691,790 campaign contribution filings of 85,109 in-

dividuals to 874 publicly listed firms and 850 occupations using US campaign finance data be-

tween 2003 and 2016.2 I accomplish this by employing natural language processing techniques to

automatically identify unique employer names and individual occupations. The linked employer-

employee campaign finance data contains unique identifiers at the firm, industry, and occupation

1This is one reason why existing research on trade policy preferences mostly concentrates on the measure-
ment of either firm preferences (Kim et al., 2017; Osgood, 2017; Plouffe, 2013) or individual preferences only
(Scheve and Slaughter, 2001; Mayda and Rodrik, 2005; Rho and Tomz, 2017), without comparing employers’
and employees’ preferences.

2The overall number is actually 3,579,530 filings of 466,839 individuals working for 13,991 firms publicly
listed firms. Since I look at the alignment between Political Action Committees (PACs) and employees, I
only use firms with data on both PAC and employee contributions in this paper.
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level which can be easily linked to firm financial databases and data from the Bureau of Labor

Statistics, the Census Bureau, or other statistical agencies, opening up avenues for further research.

Compared to existing research, this data covers all donating employees for a larger set of firms

and occupations and distinguishes more clearly sectors of employment from occupations (Bonica,

2016a; Babenko, Fedaseyeu and Zhang, 2016).3. Second, holding constant individual occupation,

find that employees in companies with more specific assets are more aligned with their employer,

controlling for firm-level and geographic characteristics. The results are robust using various

empirical specifications, various alternative explanations for alignment, and within-sector labor

mobility as an alternative (inverse) measure of specificity. Third, I show that most of the variation

in partisan alignment between firms and employees is at the industry level, which goes contrary to

new theories emphasizing individual occupation as an important source of political preferences.

The results highlight the continuing importance of sectoral models for the formation of polit-

ical preferences, contrary to occupation-based models emphasizing tasks and skills as sources of

political preferences (Owen and Johnston, 2017; Thewissen and Rueda, 2017; Kitschelt and Rehm,

2014; Walter, 2017). Moreover, the discovered differences in partisan heterogeneity and cohesion

across companies have implications for political mobilization of firms (Olson, 1965; March, 1962)

and the formation of political coalitions (Sabatier, 1988; Rogowski, 1989; Hiscox, 2002b). Finally,

the results show possible conditions under which employees might be more susceptible to be

politically influenced by employers (Hertel-Fernandez, 2018), and the extent to contribution pat-

terns in the US vary across industries and occupations (Schlozman, Verba and Brady, 2012; Barber,

Canes-Wrone and Thrower, 2017; Bonica, 2014).

The rest of the paper proceeds as follows: the first part introduces the argument. The second

part describes the process of matching individual campaign contributions to unique firm and

occupation codes. The third part shows descriptively the main dimensions of variation in the data

and demonstrates that most of the meaningful variation is along industry lines and not across

occupations. Then, I empirically analyze the relationship between asset specificity and employer-

employee partisan alignment. The final part concludes, discusses implications, and describes

avenues for further research based on matched employer-employee donations data.

3There is very little research combining campaign contributions data by firms and individuals. Bonica
(2016a) only compare donations of CEOs to company PACs, and Babenko, Fedaseyeu and Zhang (2016)
investigate whether CEO contributions influence donations of individuals working in the same firm.
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2 Theory: Asset Specificity and Political Alignment

Where do political preferences come from? Sociotropic approaches state that preferences come

from individual concerns about what is good for the country or society as a whole (Kinder and

Kiewiet, 1979; Lewis-Beck and Paldam, 2000; Mansfield and Mutz, 2009). Other approaches argue

that individual political preference stem from rational expectations about outcomes, based on

economic self-interest (Meltzer and Richard, 1981). In Comparative and International Political

Economy, economic self-interest has been been the predominant source of political preferences,

including preferences about redistribution (Iversen and Soskice, 2001), preferences for or against

free trade (Scheve and Slaughter, 2001), or preferences for or against foreign direct investment

(Scheve and Slaughter, 2004).4

Canonical models in International Political Economy (IPE) state that individual preferences

will be aligned along sectoral lines (Grossman and Helpman, 1994; Frieden, 1991) or according

to factor endowment (Rogowski, 1989). The extent to which we see coalitions in favor of or in

opposition to free trade depends on the degree of factor mobility (Alt and Gilligan, 1994). Factor

mobility is the ease with factors of production (usually capital or labor) can move between uses in

different sectors. Asset specificity is the opposite of mobility for particular assets and refers to the

degree to which an asset can be redeployed to alternative uses without sacrificing its production

value. When assets are more specific, they are more ‘stuck’ in their current use and it becomes

more costly to employ said assets in the production of other goods and services. The canonical

prediction of this literature is that if asset specificity is high (or factor mobility low) coalitions

form along sectoral lines, and when specificity is low (or factor mobility high), we expect broad

class-based cleavages (Hiscox, 2002b).

Alt et al. (1999) investigate the impact of asset specificity on firm-level lobbying and argue

that firms with more specific assets are more likely to engage in lobbying for subsidies. Firms

with more specific assets are more vulnerable to external economic shocks or sudden changes in

policies affecting their profits because they cannot easily move assets to alternative uses. Given the

immobility of their assets, firms will be more likely to invest in corporate political activity to insure

against un-wanted policies. One insurance strategy for firms is to use campaign contributions to

4This discussion ignores a third option of genetic transmission of political preferences. See (Alford, Funk
and Hibbing, 2005).
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invest in candidates of parties that minimize the risk of policies that will hurt their economic

interest (Sawant, 2012). Since under high asset specificity, the economic interest of employees is

tied more closely to the firm they work in, employees will also seek to donate to politicians who

reduce the risk of policies hurtful for their company. Therefore, I expect that individuals in firms

with more specific assets are more likely to share the partisan preferences of their employers,

as expressed in their campaign contributions. By extension, joint political action by both labor

(firm employees) and capital (firm leadership) is more likely in firms characterized by high asset

specificity. Since under high specificity both labor and and capital are more firm-specific and

coalitions form along sectoral lines, both labor and capital benefit more from the rents obtained

through corporate political activity, and both realize higher losses in the case of adverse shocks.

Hence, the main hypothesis of this paper is simply the following:

Hypothesis: Individuals in firms with a higher share of specific assets are more aligned with their

company in terms of the partisanship of their campaign donations.

This prediction goes against literature which argues that occupations-specific characteristics of in-

dividuals are a main source of preference formation. Based on the idea of asset specificity, Iversen

and Soskice (2001) argue that individuals who have invested in skills specific to an occupation will

demand more redistribution as an insurance against income losses or longer unemployment in the

event of losing their job. More recent research has taken up the findings from labor economics

work on skill-biased technological change which disproportionally affects routine tasks occupa-

tions (Autor, Levy and Murnane, 2003), or used offshorability of occupations (Blinder, 2009; Blin-

der and Krueger, 2013) to predict individual preferences about redistribution, labor market risks,

and trade policies (Owen and Johnston, 2017; Walter, 2017; Thewissen and Rueda, 2017; Kitschelt

and Rehm, 2014). It is important to note that I do not claim that occupation is not an important

source of individual preferences. For instance, I would expect CEOs and Presidents of companies

to be significantly more aligned with their company, as their compensation most often depends

on company profits.5 However, I argue for employees with the same occupation there is variation in

alignment across industries and firms of employment, and that part of this variation is character-

ized by the degree of asset specificity of a given firm. Despite some advantages of the national

5This is indeed what my data, presented in the next section, show. Company executives are amongst the
most aligned occupations.
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surveys used in the occupation-based literature6 these papers do not investigate within-industry

or within-occupation variation, and thus, can only make limited “everything else equal” claims

about the impact of industry or occupation level factors on individual preferences.

However, the relationship between asset specificity and partisan alignment might not be the

same for both Democratic and Republican partisan alignment. This is because the definition of

asset specificity as used in this paper is at its core specificity of capital. In the US, the Demo-

cratic party has historically been the political party that was more supportive of the interests of

labor, whereas the Republican party has been more representing capital interests. For example,

Democrats have a long-standing positive relationship with labor unions (Dark, 2001) while Re-

publicans have historically opposed unions (Ahlquist, 2017). Most recently, Republican states have

been quite active in passing right-to-work laws, which have effectively weakened unions across

the US (Hertel-Fernandez, 2018). Moreover, even though most US companies split their donations

between both parties, most US corporations tend to be conservative (Tripathi, Ansolabehere and

Snyder, 2002), on average.7 Therefore, I expect there to be a stronger relationship between asset

specificity and Republican alignment than with Democratic alignment.

One assumption I need to make is that donors understand their own economic interest and

the policy consequences of their donations. Indeed, a prominent line of research on campaign

contribution argues that donations are too small (Milyo, Primo and Groseclose, 2000) and that

there is too little evidence of political returns on donations (Ansolabehere, de Figueiredo and

Snyder, 2003) for them to be strategic investments. Similarly, Bartels (2008) finds that individuals

routinely vote against their objective economic preferences, and Rho and Tomz (2017) show that

individual preferences on free trade and protectionism are less in line with their economic interest

if they are not educated about the potential effects of trade on them.

However, there are reasons to believe that (donating) employees can have some understanding

of the partisan stance of their company. My focus is on partisanship as expressed by individual do-

nations, and donors are not a random sample of the general US population. On average, they have

higher income and are more educated (Francia, 2003). Moreover, there is ample evidence that polit-

6For instance, surveys like the European Social Survey or the International Social Survey Program often
used in CPE and IPE research are nationally representative.

7In the data used for this paper, firms spend on average 60% of donations on Republican candidates, and
40% on Democrats.
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ically organized employers communicate their political preferences to their employees, sometimes

even coercing them to engage in political action (Hertel-Fernandez, 2018), like contacting legisla-

tors or accompanying company lobbyists on visits to Washington DC. Further, recent research on

campaign donations shows that donors target legislators who become committee members and

those who get procedural powers (Fouirnaies and Hall, 2018), and that donations strategically flow

across state borders to competitive districts (Gimpel, Lee and Pearson-merkowitz, 2008). Donors

also tend to give to politicians with similar political views or with jurisdiction over their sector

of employment (Barber, Canes-Wrone and Thrower, 2017). Considering these findings, it becomes

increasingly difficult to support the notion that donations, either from individuals or from cor-

porate Political Action Committees (PACs) are merely another form of political participation, and

not an investment in future political favors in line with economic self-interest.

3 Data

For this paper, I collect and match employee to corporate donations using US Campaign Finance

data from the US Federal Election Commission (FEC). The FEC data contains information on cor-

porate PAC campaign contributions to political candidates and individual donations to candidates.

Moreover, the individual data contains information on donor names, employers, occupation, and

ZIP code of residence. However, linking employers in the individual data to firm-level, industry-

level, and occupation-level information or PAC donations is challenging for two reasons. First,

there are no unique employer names or identifiers, neither in the individual data nor the corpo-

rate contributions data. In fact, individuals just manually enter employer names into an online

form, resulting vastly different firm names across individuals working for the same firm. This

problem is shown in Table 1 which depicts political contributions of five MICROSOFT employees,

each of which provides a slightly different (and sometimes, orthographically incorrect) employer

name. The same problem exists for individual occupations. Donors manually enter their occu-

pation, resulting in many un-structured occupation names for essentially the same jobs. Table 2

shows the problematic structure of occupation names in the FEC data for five senior managers of

well-known US companies. Second, the sheer amount of the data precludes attempts to manually

match individuals to employers or manually categorize individual occupations. Between 1980

and today, the FEC data contains 52,974,196 individual contributions, 4,085,773 unique employer
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names, and 825,697 unique occupation names. Clearly, one would need lots of resources and time

in order to link even only part of this data to external datasets.

Name Employer Occupation . . .

Steven Ballmer MICROSOFT CEO . . .

Jeff Teper MICROSOFT CORP Corporate CEO . . .

Lisa Brummel MICROSOFT CORPORATION Executive Vice President . . .

Rae Garret MICROSOFT CORPORTATION Consultant . . .

Dorothy Dwoskin MICROSOFT INC. Trade Director . . .
...

...
... . . .

Table 1: Lack of Unique Employer Names for Individual Campaign Donations. The table shows the
lack of unique employer names in the FEC individual donations data. In this example, all individuals are
employees of Microsoft, but they use different versions of the company name when filing their contribution
to the FEC.

Name Employer Occupation . . .

John H. Myers GENERAL ELECTRIC CO PRESIDENT/C.E.O. . . .

John H. Chambers CISCO SYSTEMS INC PRESIDENT/CEO . . .

Richard Clark MERCK & CO PRESIDENT, CEO . . .

Christopher M. Crane EXELON CORP PRESIDENT COO . . .

Robert Marcus TIME WARNER CABLE INC PRESIDENT AND COO . . .

...
...

... . . .

Table 2: Lack of Unique Occupation Names for Individual Campaign Donations. This table shows
examples of different employees of five companies, all of which have a very similar jobs. However, all
individuals provide very different occupation names when filing their contributions to the FEC.

Therefore, I need an automated way to match employer names to unique company identifiers

and occupation names to unique occupations identifiers. For this purpose, I developed an auto-

mated script, written in the programming language Python, leveraging python’s well-developed

and computationally efficient natural language processing capabilities. The process by which the

script links un-structured employer and occupation names to unique identifiers is portrayed in

Figure 1 below. The script takes as input a list of un-structured employer names (from the FEC)
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Step 1
Load Raw FEC Data

4.1M unique Employer Names

M
atch to

 52 m
illion Individual C

ontributions
Step 2

Preprocess

Employer Name

MICROSOFT CORPORATION

MICROSOFT, INC.

MICROSOFT/CEO

Employer Name

MICROSOFT CORPORATION

MICROSOFT, INC.

MICROSOFT/CEO

Employer Name

MICROSOFT CORPORATION

MICROSOFT, INC.

MICROSOFT/CEO

825k unique Occupation Names

Employer Name

MICROSOFT CORPORATION

MICROSOFT, INC.

MICROSOFT/CEO

Employer Name

MICROSOFT CORPORATION

MICROSOFT, INC.

MICROSOFT/CEO

Occupation Name

PRESIDENT/C.E.O.

PRESIDENT/CEO

PRESIDENT AND COO

MICROSOFT/CEO

Canonicalized Name

microsoft corp 

microsoft inc

microsoft ceo

MICROSOFT/CEO

Canonicalized Name

president ceo

president ceo

president & coo

Step 3
Calculate Similarity Score

Compustat (CIQ)

O*NET
Census Bureau

Bureau for Labor Statistics

869 unique Occupation codes

35k public Companies

Step 4
Match Name with unique ID

CIQ Name Score

Microsoft Corp 100.0

Microsoft Corp 90.9

Microsoft Corp 84.3

Occupation Score

President 75.7

President 75.7

President 73.5

1. strip whitespace
2. lowercase 
3. n-grams, tf-idf weighting
4. create term-doc matrix

Employer Name GVKEY

Microsoft Corp 12141

Occupation SOC

President 10-1011

Figure 1: Algorithm matching employees to unique employer IDs and occupation codes. The flow chart
shows how employer names and occupations are matched to unique employer IDs (Compustat GVKEY)
and occupation codes (Standard Occupational Classification (SOC) Codes) GVKEYs can be linked to firm-
and industry level variables from financial databases, and SOC codes can be linked to official employment
statistics.

and a list of unique firm (or occupation) names with unique firm IDs (or occupation codes). For

company names, I use the full list of 35,672 publicly traded firms in the Compustat Capital IQ

North America database, a firm financial data provider. For occupation names, I use the ‘direct

match files’ of occupation titles to occupation codes published by the US Census Bureau and the

Bureau for Labor Statistics (89,000 occupation titles relating to 869 unique occupation codes).8

First, a number of different employer names is given to the script. Then, the names are cleaned

up: they get lower-cased, additional whitespace and punctuation is removed, and company legal

forms are canonicalized. Next, a term-document matrix is created from the names and terms are

weighted by term frequency-inverse document frequency (tf-idf). Hence, terms that appear in

8I also match O∗NET occupation codes to the data (105,000 occupation titles relating to 1100 unique oc-
cupation codes). The US Census Bureau and US Bureau for Labor Statistics use the Standard Occupational
Classification Codes (SOC), while O∗NET uses O∗NET SOC, a more fine-grained system based on but fully
compatible to SOC codes.
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Name ID Firm Firm ID SOC Occup. Title . . .

Steven Ballmer I00301999 MICROSOFT CORP 12141 11-1011 Chief Executives . . .

Jeff Teper I06497673 MICROSOFT CORP 12141 11-1011 Chief Executives . . .

Lisa Brummel I00807330 MICROSOFT CORP 12141 11-1011 Chief Executives . . .

Rae Garret I01642142 MICROSOFT CORP 12141 13-1199 Consultant . . .

Dorothy Dwoskin I01780528 MICROSOFT CORP 12141 19-3011 Economists . . .

...
...

...
...

...
... . . .

Table 3: Result of Matching Employees to unique Employers and Occupation Codes: This table shows
the result of the linkage process shown in Figure 1 above. The individuals shown in Table 1 now have
one unique firm name and firm ID (Compustat GVKEY), as well as unique occupation code (SOC) and
individual IDs. Individual ID’s are assigned by cleaning names, and using exact matching on first name,
last name, and state of employee.

many company names (like ‘incorporated’, ‘inc‘, etc.) receive less weight in the matching step.

Second, for each cleaned name, the cosine similarity between a given employer name and each

name in the list of 35,672 publicly traded firms in the Compustat is calculated. The similarity

between company names d1, d2 is calculated as sim(d1, d2) =
d1·dT

2
||d1|| ||d2|| =

∑n
i=1 d1id2i√

∑n
i=1 d2

1i

√
∑n

i=1 d2
2i

, which is

simply the angular distance between the two employer name vectors given to the script, normal-

ized by vector length. Finally, the script picks the Compustat firm name with the highest cosine

similarity, if above a set threshold, and returns it together with its unique firm ID (GVKEY).9.

This process is repeated for each of the individual employer names, as well as for 17,215 cor-

porate PAC names between 2003 and 2016. The result can be seen below in Table 3 for MICROSOFT.

All five employees are now matched to one unique firm name. Moreover, each individual and

employer gets assigned a unique ID. In this paper, I use the GVKEY from Compustat in order to

add firm financial information. The process for matching occupation titles to unique occupation

titles and codes is identical to the procedure for employers - only the inputs to the script differ.

I match 3,537,187 filings of 466,840 individuals, to 13,991 firms and 850 occupations between

2003 and 2016. I also match 274,106 out of 825,697 unique occupation names in the FEC data.

Those occupations make up about 85 percent of the individuals contribution records matched to

employers, excluding unemployed individuals and students. For this paper, I limit the period of

9The similarity measure is between 0 and 1, where 0 means no match at all, and 1 indicates a full match.
For employer names, I use a threshold of 0.81, and for occupations 0.72, based on similar record linkage
problems in existing research (Raffo and Lhuillery, 2009).
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investigation to the years between 2003 and 2016, because occupation data is only available from

2003 onwards. I also only use companies for which I observe both firm and employee donations,

which are 1,691,790 campaign contribution filings of 85,109 individuals, working in 874 publicly

listed firms and 850 occupations. I also match the zip codes of donors to Federal Information

Processing Standard (FIPS) county codes. Individual identifiers were created using exact matching

on the cleaned up versions of first name, last name, and state of residence of donors.10 The Tables

7, 8, and 9 in the appendix show the frequency distribution of the most common firms, industries,

and occupations in the data used for this paper.

How accurate are the FEC data files in terms of individual employers or occupations? Based

on the 1974 Federal Election Campaign Act (FECA), disclosure of donations is mandatory for all

individual contributions exceeding USD 200, a threshold which has not been changed since 1980

(McGeveran, 2003). While employers can and do report all contributions, even those smaller than

USD 200 most candidates report only donations over USD 200.11 Contribution limits differ by

entity donated to, and change each electoral cycle.12 Individuals who give to federal candidate

must disclose their occupation and employer. Committees receiving donations must make their

best effort to determine employer and occupation of donors before filing contributions to the FEC.

Nevertheless, there is some mis-reporting, especially among occupation names.13 That being said,

there are few ways to check the accuracy of each individual filing. Hence, I need to assume that

committees are checking the accuracy of individual donations thoroughly, on average.

These data provide some significant advantages over existing databases of US campaign donations

like De Paula and Scheinkman (2011) or the Database on Ideology, Money in Politics, and Elections

(DIME) (Bonica, 2016b). First, the data uses commonly used unique identifiers for firms (Com-

10The credit for the individual IDs goes to Mehmet Efe Akengin. The matching strategy is a compromise
between having accurate individual IDs and being able to observe individuals changing workplaces or
occupations. See below.
11Non-federal candidate disclosure rules are even stricter at times, but are not relevant for this paper which
only uses federal contributions data.
12The 2017/2018 electoral cycle contribution limits within a given per election are: (1) USD 2,700 to in-
dividual candidates (2) USD 5,000 to PACs (3) USD 10,000 to non-national party committees (state, local,
district), and (4) up to USD 33,900 to national party committees. Those limits are subject to adjustment for
inflation every electoral cycle.
13Some obviously incorrect or non-informative examples include: ‘ANTI-ISLAMOFASCISM EXPERT’,
‘ANTI-ISLAM OF ASCIST CONSULTANT’, as well as ‘�MOBBED� OCCUPATIONAL THERAPIST’, ‘Mother : )’,
‘DINOSAUR EXPERT’, ‘UNEMPLOYED LIKE 22% OF AMERICANS’, ‘UNEMPLOYED & LOVING IT’, or ‘VP DICK

CHENEY’.
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pustat GVKEY), industries (North American Industry Classification - NAICS) and occupations

(Standard Occupational Classification - SOC). Those allow researchers to easily link companies

and individuals to firm financial databases (e.g. Compustat or Orbis) and add industry and oc-

cupation level data from the Census Bureau, the Bureau of Labor Statistics, or other official data

sources. In comparison, existing research uses the Open Secrets coding scheme for industry/oc-

cupation of donors which cannot easily be linked to any external data. Second, my data is much

clearer in terms of analytically separating occupation and industry of employment. Existing data

and research in American Politics often confuses occupation with industry and vice versa. For

example, Bonica (2014) uses ‘Lawyers’ as one and ‘Mining’ as another ‘industry/occupation’ cate-

gory, based on the Open Secrets coding scheme. However, ‘Lawyers’ are not an industry but only

one occupation which can be performed in many different industries, and ‘Mining’ is clearly not

an occupation, but an industry comprising different occupations like miners, engineers, managers,

and lawyers, among others.14 Given how central industries and occupations are in Economics and

IPE research, they need to be clearly separated, both analytically and empirically. Finally, for

future research15 the data allows me to track individuals when they change firms or occupations.

One downside of the data is that I have to compromise on the accuracy of individual identifiers.

Bonica (2014, p.370) maximizes the precision of his identity-resolution algorithm by utilizing indi-

vidual names, addresses, occupations, and employer names. Consequently, he loses the ability to

follow individuals when they change occupation, address, or workplace. I only use first name, last

name and state of residence for determining individual identifiers, to be able to observe changes

in occupations and sectors.

4 Empirics

4.1 Description: Alignment across Sectors, Occupations, and Geography

In this section, I present the matched donations data on alignment between firms and their em-

ployees. I describe the distribution of alignment across the major dimensions of variation in the

14The same problem exists in the paper by Barber, Canes-Wrone and Thrower (2017) who also rely on the
Center for Responsive Politics industry/occupation coding scheme. InBonica (2014) or Barber, Canes-Wrone
and Thrower (2017) this is not particularly consequential, even though the former provides a misleading
description of industry and occupation ideology. Bonica (2014) does not directly test theories on the impact
of industry or occupation on donor behavior, and Barber, Canes-Wrone and Thrower (2017) do manually
match Open Secrets occupation categories to committees with jurisdiction over said occupations.
15See concluding section.
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dataset: firm’s sectors, individual occupations, and state of residence. This descriptive analysis

shows that most of the meaningful variation in the data is at the sectoral level. The main de-

pendent variable for this paper, alignment between employees and their employers, is calculated

as:

Alignmentict = 1−
∣∣∣( Rjt

(Rjt + Djt)
−

Rijt

(Rijt + Dijt)

)∣∣∣

where Rjt and Djt are Republican and Democratic donations of firm j in year t, while Rijt and Dijt

are Republican and Democratic donations of individual i working for firm j in year t, respectively.

This variable ranges from zero to one, where larger values indicate more partisan alignment be-

tween and employee and a firm in a given year. Intuitively, some company PACs donate more to

one of the two parties while some PACs donate equally to both parties. The measure will be larger

if an employee donates to one party and the employer gives a higher proportion of donations to

the same party, and less so if they donate to the opposite sides of the isle. Figure 2 below shows

the distribution of alignment in the sample of 138,549 employee-employer observations. Align-

ment is approximately normally distributed, with most observations around the mean of 0.53

(median 0.52). Around 2000 observations show complete non-alignment (corresponding to 1531

individuals) and 4000 observations (corresponding to 2906 individuals) show complete alignment.

These are cases when companies donate exclusively to one party in a given year. For example,

Blackstone Group LP donated only to Republican candidates from 2011 to 2015. Therefore, 408

employees of Blackstone donating to the Republican party will score 1 (full alignment), and 209

employees will score 0 (no alignment).

12
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Figure 2: Distribution of Alignment. This histogram depicts the distribution of alignment from complete
disalignment (0) to complete alignment (1) in the US campaign finance data. Complete (dis-) alignment
happens when companies donate exclusvilely to one party and employees donate to the (other) same party.
Data: own calculations.

This means that there can be very high alignment when PACs donate very one-sided, but also very

low alignment if most employees of the same company donate to the opposite party. What are

the patterns of partisan alignment across sectors, firms and occupations in the matched employer-

employee data? Figure 3a shows the ten sectors and firms with the most and least mean alignment

at the firm-level. Panel a) shows that the average alignment is highest in extractive industries,

primary resources industries like metal and rubber, and real estate and hospitals, while the lowest

alignment can be seen in publishing, food, and information services. This translates into specific

companies in panel b). Timken, Marathon Petroleoum, and Devon Energy are most alignment

between employees and company PAC, and J.P. Morgan, Time Warner, and Vmware are least

aligned. It seems quite striking that the companies and sectors with large sunk investment in

site-specific structures and physical assets (machinery) are the ones that are most aligned.16

16The exception is Expedia wich is also very aligned. Both Expedia’s PAC and employees donate mostly to
Democratic candidates.
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Figure 3: Top 10 Most & Least Aligned Firms and Sectors. This figure shows the ten sectors and firms
with most and least alignment. Panel a) shows that extractive industries like oil, gas, and rubber are most
aligned, while electronics and transportation manufacturers are least aligned. Panel b) shows that Timken
and Marathon Petroleum are most aligned, while Vmware and Time show little alignment. Data: own
calculations.

How does alignment between individual and firm contributions look like across all industries? In

Figure 4, I plot the distribution of average individual alignment for each 3-digit North American

Industry Classification (NAICS) industry in the data. The plot reveals that there is substantive

variation in alignment across and within sectors. Heavy industries and extractive industries are

much more aligned, with alignment larger than 0.6, on average. Many services industries like

information services, merchandise stores, broadcasting, but also some manufacturing industries

like food or chemical manufacturing seem to be much more split between the two parties, with

alignment scores closer to 0.5.
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Lessors of Nonfinancial Intangible Assets (except Copyrighted Works) (533)
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Electronics and Appliance Stores  (443)
Nonstore Retailers  (454)

Paper Manufacturing (322)
Wood Product Manufacturing (321)

Transportation Equipment Manufacturing (336)
Professional, Scientific, and Technical Services (541)

Chemical Manufacturing (325)
Publishing Industries (except Internet) (511)

Beverage and Tobacco Product Manufacturing (312)
Broadcasting (except Internet) (515)

Leather and Allied Product Manufacturing (316)
General Merchandise Stores  (452)

Ambulatory Health Care Services (621)
NA (999)

Rental and Leasing Services (532)
Credit Intermediation (522)

Computer and Electronic Product Manufacturing (334)
Couriers and Messengers (492)

Other Information Services (519)
Air Transportation (481)

Clothing and Clothing Accessories Stores  (448)
Securities, Commodity Contracts, and Other Financial Investments (523)

Food and Beverage Stores  (445)
Insurance Carriers (524)

Waste Management and Remediation Services (562)
Telecommunications (517)

Administrative and Support Services (561)
Construction of Buildings (236)

Apparel Manufacturing (315)
Merchant Wholesalers, Nondurable Goods  (424)

Accommodation (721)
Miscellaneous Manufacturing (339)

Food Services and Drinking Places (722)
Educational Services (611)

Machinery Manufacturing (333)
Water Transportation (483)

Data Processing, Hosting, and Related Services (518)
Health and Personal Care Stores  (446)

Electrical Equipment, Appliance, and Component Manufacturing (335)
Rail Transportation (482)

Building Material and Garden Equipment and Supplies Dealers  (444)
Truck Transportation (484)

Amusement, Gambling, and Recreation Industries (713)
Support Activities for Transportation (488)

Nursing and Residential Care Facilities (623)
Motion Picture and Sound Recording Industries (512)

Utilities  (221)
Plastics and Rubber Products Manufacturing (326)

Textile Mills (313)
Motor Vehicle and Parts Dealers  (441)

Hospitals (622)
Nonmetallic Mineral Product Manufacturing (327)

Printing and Related Support Activities (323)
Fabricated Metal Product Manufacturing (332)

Crop Production (111)
Real Estate (531)

Merchant Wholesalers, Durable Goods  (423)
Funds, Trusts, and Other Financial Vehicles  (525)

Primary Metal Manufacturing (331)
Mining (except Oil and Gas) (212)

Transit and Ground Passenger Transportation (485)
Heavy and Civil Engineering Construction (237)

Oil and Gas Extraction (211)
Support Activities for Mining (213)

Petroleum and Coal Products Manufacturing (324)
Pipeline Transportation (486)

Furniture and Related Product Manufacturing (337)
Wholesale Electronic Markets and Agents and Brokers  (425)
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Figure 4: Strong Variation in Alignment across 3-digit NAICS Industries. The boxplot shows that there
is strong variation in alignment across 3-digit NAICS industries (3-digit industry codes in parentheses)
Heavy and extractive industries are most aligned while most services industries are less aligned. Data:
own calculations.

How does the large variation across industries compare to the variation across occupations? Below

in Figure 6, I plot the distribution of alignment across 23 two-digit SOC occupations. There is

actually little variation in alignment across occupations as different as management, legal services,

construction, extraction workers, or personal care.
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Figure 5: Variation in Alignment across US States. The boxplot shows that there is some variation in
alignment across US states, albeit not as much as across industry sectors. Data: own calculations.
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Figure 6: Weak Variation in in Alignment across Occupations. The plot shows that there is very little
variation in alignment across (2 digit SOC) occupations of donors. Data: own calculations.

In Figure 13 in the appendix, I show the same pattern of non-variation across 96 more fine-

grained three-digit SOC occupations. While there is more variation in Figure , there is still much

less divergence in alignment between different occupations than between industries. Some might

argue that the differences across industries might simply be driven by geography: certain sectors

might be located in red (or blue) states, and these states might happen to have a more politically

aligned population of donors. In Figure 5, I show that even though there might be a role for

geography in determining alignment, it might not be as large one might think. There is less

variation in alignment across the 50 US states than across industries. Despite some states like

Oklahoma, South Carolina, and Wyoming showing more alignment between employees and firms
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than other states, most states are closer to alignment scores of 0.5.
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Figure 7: Strong Within-Occupation Variation in Alignment across Industries. The boxplot depicts the
strong within-occupation variation in alignment for one specific occupation (chief executives, SOC Code
11-1011) across 3-digit NAICS industries (3-digit industry codes in parentheses). Data: own calculations.

Next, I demonstrate that there is significant variation within individual occupations across in-

dustries. Figure 7 depicts the same three-digit NAICS distribution of alignment as before, but

this time for only one very narrow occupation, in this case chief executives and presidents (SOC

11-1011). In fact, the differences in alignment are even starker than pooled across occupations,

ranging from approximately equal donations of companies and employees to both sides of the isle

in broadcasting and couriers services (median alignment of 0.5) to more than a 0.8 alignment in

petroleum, coal, and pipeline transportation. This goes partly against the argument put forward

by Bonica (2016a) that CEOs are mostly ideological and not strategic in their contributions, if their
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contributions seem to vary systematically with the industry in which they are employed.17

This is a systematic pattern that becomes even clearer if we only look within manufacturing

industries (NAICS 31 - 33). Figure 8 below shows that even within manufacturing industries

and within the same occupation, there is a trend towards more alignment in industries related

to resource extraction and raw materials. Further, in Figure 12 in the appendix I show that very

similar patterns can also be observed in other occupations like lawyers, agricultural engineers,

and (with some limitations) IT specialists.
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Figure 8: Strong Within-Occupation Variation in Alignment across Manufacturing Industries. The
graph shows that within a very narrow occupation (chief executives, SOC Code 11-1011) there is substantive
variation in alignment across 3-digit manufacturing industries. CEOs in extractive industries and energy
industries tend to be most aligned, and computer and chemical industries less. Data: own calculations.

This initial inspection of the data reveals that there is significantly more variation in alignment

across industries (and only a bit more across states) than there is across individual occupations.

Hence, where people work seems to matter more than what people do, in terms of whether they share

the same partisanship with their employer. This is in itself a surprising finding, given that there

is a long line of research arguing that occupation characteristics are important sources of political

17In fact, it is more coherent with strategic CEO donations as observed by Babenko, Fedaseyeu and Zhang
(2016), even though they do not hypothesize about differences in strategies across different industries.
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preferences. For instance, Iversen and Soskice (2001) argue that specificity of skills is important

for individual demands for redistribution. Recent research by Owen and Johnston (2017), building

on Economics research on offshoring (Blinder, 2009; Walter, 2017) and skill-biased technological

change (Autor, Levy and Murnane, 2003; Acemoglu and Autor, 2011), argues that ‘offshorability’

of occupations or the extent to which they are intensive in ‘routine tasks’ are major determinants of

policy preferences. However, individual skills and occupational characteristics within firms seem

not to be as important using partisan alignment based on donations. In sum, the main message of

the data seem to be that there is still value in sectoral models of individual preference formation,

despite a recent push towards occupation-based models.18

4.2 Analysis: Specific Assets and Individual Alignment

In this section, I empirically analyze the impact of asset specificity on partisan alignment between

employees and their company in terms of their campaign contributions. In this paper I mea-

sure asset specificity as a combination of ‘site specificity’ and ‘physical specificity’ (Joskow, 1988,

pp.106-107). The former refers to the asset being bound to a specific location in order to mini-

mize inventory and transportation costs, and the latter refers to investment in machinery that is

specific to certain design characteristics. I measure asset specificity as firm-level plant, property

and equipment expenses as a share of overall firm assets, 100× (PPENT/AT), both taken from

Compustat. I do not use R&D expenditures as a measure of asset specificity, like the paper by

Alt et al. (1999). The problem with R&D expenditures is that they are missing for over 60% of

the data in Compustat. At the industry level R&D expenditure is often only available at the very

rough 2-digit NAICS level or it is missing altogether. Below in Figure 9, I show the distribution

of asset specificity in my data. Which companies have high and low specificity, respectively?

Companies with a very high share of specific assets in the data include oil and gas extraction

companies like Whiting Petroleum (alignment: 0.79, asset specificity: 91.3) and Chesapeake En-

ergy (alignment: 0.69, asset specificity: 87.7), or the pipeline transportation firm Energy Transfer

Partners (alignment: 0.84, asset specificity: 68.1). Firms with very low asset specificity include

18In separate tests, I did not find a significant relationship between partisan alignment in donations and
occupation-level skill specificity from Iversen and Soskice (2001), or different measures of offshorability and
job routineness from Acemoglu et al. (2015) or Blinder and Krueger (2013), both used in the study by Owen
and Johnston (2017). If there is any relationship in the aggregate, it is driven by CEOs (high specificity and
low offshorability in the data) and disappears once I control for this single occupation.
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Fannie Mae (alignment: 0.53, asset specificity: 0), the insurance carrier MetLife (alignment: 0.52,

asset specificity: 1.2), chemical manufacturer Celegne (alignment: 0.5, asset specificity: 3.7), or the

professional services consultancy SRA International (alignment: 0.53, asset specificity: 4.1).
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Figure 9: Distribution of Asset Specificity. This histogram depicts the distribution of specific assets as a
share of overall assets at the firm level. Data: Compustat Capital IQ North America.

In Figure 10 below, I show the aggregate (mean) alignment between employees and their firms in

my data between 2003 and 2016, the time period under investigation. One can see that for most

of the time, it is close to 0.5 (firms and employees donate to both parties equally), with occasional

up and down swings. The plot also depicts the share of alignment in donations by party, with

more Republican alignment except for the time between 2007 and 2009. This seems to be driven

by strategic changes in partisan donations by corporations (Fouirnaies and Hall, 2018) during

the Obama campaign, as traditionally more conservative companies donated more to Democracts

than usual. The graph also includes the mean asset specificity across all firms in my sample. Even

though the changes in asset specificity are not large, they seem to tick up in tandem in 2005, 2009,
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and 2013 with alignment, and decrease in years of lower alignment (correlation of 0.44).
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Figure 10: Alignment and Asset Specificity over Time. The graph depicts average alignment across all
firms in the sample between 2003 and 2016. It shows that average asset specificity moves in tandem with
overall alignment, and that the share of Republican and Democratic Alignment changes with election years.
Data: own calculations and Compustat Capital IQ North America.

How does the relationship between asset specificity and alignment look like at the firm level?

Figure 11 (left panel) shows that there is indeed a positive association between asset specificity

and alignment. However, there is still a large variation in the alignment within firms with high

and low asset specificity, respectively. The center and right panel of the same figure depict another

interesting pattern in the data. The relationship shown in the left panel seems to be driven by the

share of Republican alignment at the firm-level which is more positively related to asset specificity.

Democratic alignment, on the other hand, is indeed weakly negatively related to asset specificity.

This partly supports my expectation that specificity is more strongly associated with Republican

alignment, based on historic relationships between labor- and capital intensive industries and US

parties.19

19I find the same pattern using labor mobility as an alternative (inverse) measure asset specificity, as shown
in Figure 14 in the appendix.
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Figure 11: Positive Relationship between Alignment and Specific Assets. These scatter plots show that
there is a positive relationship between specific assets and average firm-employee partisan alignment. More-
over, the relationship is negative for Democratic aignment, but strongly positive for Republican alignment.
Data: own calculations and Compustat Capital IQ Annual Updates North America.

Table 4: Descriptive Statistics

Statistic N Mean St. Dev. Min Max

Year 138,549 2,010.39 4.04 2,003 2,016
Partisan Alignment 138,539 0.53 0.19 0.00 1.00
Democratic Alignment 138,549 0.20 0.40 0 1
Republican Alignment 138,549 0.35 0.48 0 1
(Specific Assets/Overall Assets)*100 122,657 21.12 23.40 0.00 94.39
log(Median Annual Income, Occupation) 111,634 11.39 0.45 9.58 12.24
log(Employees) 121,601 3.77 1.31 0.00 7.74
log(Sales) 126,109 9.90 1.41 −0.28 13.09
log(Capital Expenditure) 124,645 6.41 2.00 −0.06 10.44
log(Cost of Goods Sold) 126,110 9.15 1.52 0.00 12.78
Productivity 120,601 −0.06 0.33 −4.07 3.62
Union Membership (in %) 124,419 8.30 11.19 0.00 72.90
log(# Regulatory Restrictions) 84,068 7.93 1.56 5.27 10.49
Herfindahl-Hirschman (geographic) 120,057 0.16 0.20 0.00 1.00
Red State (Presidential Vote) 137,919 0.31 0.46 0 1
County Unemployment Rate (in %) 123,272 5.82 2.05 1.50 28.80

Table 4 includes descriptives of the main variables used in the following analysis. Motivated by the

initial descriptive results shown above, I am interested in the relationship between partisan align-

ment and firm-level asset specificity and expect that more specific assets will be related to more

alignment between employees and employers, regardless of individual occupation. Therefore,
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for the first empirical specification, I estimate the following linear model, regressing individual

alignment on asset specificity with occupation and year fixed effects:

Alignmentikjst = αk + θt + γSpeci f ic_Assetsjt + βZjt + δIkt + τRst + εikjst

where alignment is measured for employee i in occupation k working in firm j living in county

c in state s, with t denoting year. The αk refers to occupation fixed effects, and θt to year fixed

effects. My coefficient of interest is γ, the degree of asset specificity. In the initial specification,

I control for a host of firm-level factors like log sales, employment, cost of goods sold, capital

expenditure, and firm productivity20, contained in the matrix Zjt. Moreover, I control for the log

of the occupation-specific median income from the Bureau of Labor Statistics, Iikt, and for Rist,

whether the state an employee lives in is Republican or Democratic, according to the presidential

vote share from the respective election.

The main specification in column 1 in Table 5 shows that there is a strong positive relationship

between asset specificity of a firm and individual partisan alignment between firms and employ-

ees. Holding constant SOC occupation and several controls, a one-unit increase in asset specificity

means a 0.001 (or 0.1%) increase in alignment. A one-standard deviation increase in asset speci-

ficity (23.4) would therefore be associated with a 0.023 increase in alignment share, which is a

significant increase given that most firms are located around the 0.5 alignment score mark.

I also find that firms with more employees are less aligned, on average. This is an interesting

result in itself that is in line with the expectation that from collective action theory, that collec-

tive political actions is more difficult in larger groups (Olson, 1965; Hansen, Mitchell and Drope,

2005). While larger firms might potentially be more powerful, they are also more likely to have

more politically heterogeneous employees which would reduce alignment. In fact, one line of

social science research has been on how group size and heterogeneity (or cohesiveness) of prefer-

ences inhibit or foster collective action (Ostrom, 2010). Moreover, as the number group members

increases, the likelihood of free riding increases, decreasing alignment further. The negative rela-

20Productivity is measured by estimating the Solow-residual, i.e. by regressing (logged) sales on employ-
ment and expenditures for plant, property and equipment, as well as industry and year fixed effects (Bilir,
2014). The resulting residual is my measure of productivity.
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tionship between number of employees and alignment is also consistent with my main hypothesis.

Firms with more employees tend to be more labor intensive, and the main claim and finding of

this paper is that firms with more specific assets (capital) are more aligned.

Finally, the coefficient on the dummy for red states is positive and significant, indicating that

living in a Republican-voting state increases alignment by 0.031, on average. As expected from the

theoretical discussion and the descriptives shown in the previous section, this result is driven by

firms and employees being aligned on Republican candidates. In sum, being in a firm with more

specific assets is almost as predictive of alignment as the state individuals live in. In this context,

the magnitude of relationship between asset specificity and alignment found in this paper is quite

substantive.

Of course, there are alternative explanations for why individuals might donate to the same party

as their employer. Hertel-Fernandez (2018) argues that employers are increasingly using their em-

ployees as lobbyists or political machines in the US. He notes that when individuals live in a con-

text with higher unemployment, they are more likely to become politically active for the company

because they are more fearful of retaliation if they do not follow company demands. Therefore, I

control for the annual county-level unemployment rate taken from the Local Area Unemployment

Statistics (LAUS), published by the Bureau of Labor Statistics. The mean unemployment rate in

the linked firm-employee data is 5.82 percent, which is slightly lower than the US-wide mean

unemployment rate of 6.53 between 2003 and 2016. In all specifications in Table 5 the coefficient

on the unemployment rate is negative and significant, though. This suggests that the mechanism

suggested by Hertel-Fernandez does not hold for donations. In fact, companies report that dona-

tions are the least-used tactic when using employees as lobbyists (Hertel-Fernandez, 2016). The

results in this paper indicate that those employees who are living in more affluent counties are

more aligned with their company, on average.

Moreover, geographic concentration of an industry has been shown to be positively related to

political mobilization (Busch and Reinhardt, 2000). In column 2 of Table 5, I control for indus-

try concentration using a local Herfindahl-Hirschmann Index (HHI), measured as ∑K
k=1 s2

ik where

s2
ik are the squared employment shares of each industry k in county i, which are subsequently

summed over all counties. Intuitively, if all employees in an industry are located in one county,

this measure is one, indicating full geographic concentration, and approaches zero as the number
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Table 5: Regression Results: The Effect of Asset Specificity on Partisan Alignment

Dependent variable:

Partisan Alignment

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

Share Specific Assets 0.068∗∗∗ 0.065∗∗∗ 0.072∗∗∗ 0.079∗∗∗ 0.079∗∗∗ 0.078∗∗∗

(0.017) (0.018) (0.020) (0.020) (0.020) (0.020)

log(Capital Expenditure) 0.003 0.003 0.003 0.001 0.003 0.003
(0.002) (0.002) (0.002) (0.003) (0.002) (0.002)

log(Sales) −0.005 −0.004 −0.005 −0.003 −0.007 −0.002
(0.005) (0.005) (0.005) (0.006) (0.005) (0.006)

log(Employees) −0.016∗∗∗ −0.017∗∗∗ −0.016∗∗∗ −0.018∗∗∗ −0.016∗∗∗ −0.017∗∗∗

(0.003) (0.004) (0.004) (0.004) (0.004) (0.005)

log(Cost of Goods Sold) 0.003 0.003 0.003 0.004 0.005 0.002
(0.004) (0.004) (0.004) (0.004) (0.004) (0.005)

Productivity −0.0001 −0.0003 0.00005 −0.004 0.001 0.001
(0.004) (0.004) (0.004) (0.004) (0.004) (0.005)

log(Median Income) −0.045 −0.044 −0.045 0.028 −0.046 −0.064∗∗

(0.031) (0.031) (0.031) (0.034) (0.031) (0.030)

Red State (1/0) 0.031∗∗∗ 0.032∗∗∗ 0.030∗∗∗ 0.030∗∗∗ 0.031∗∗∗ 0.027∗∗∗

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

Unemployment Rate −0.003∗∗

(0.001)

HHI −0.005
(0.015)

Labor Mobility −0.029
(0.028)

Union Membership −0.0004
(0.0004)

# Regulatory Restrictions 0.001
(0.002)

Year FEs Yes Yes Yes Yes Yes Yes
Occupation FEs Yes Yes Yes Yes Yes Yes
Observations 95,220 85,110 90,293 74,575 93,543 62,881
Adjusted R2 0.085 0.085 0.084 0.069 0.084 0.083

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. Standard errors clustered by firm are in parentheses.
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of employees is distributed across more and more counties.21 I do not find that including this con-

trol variable changes the result for my main independent variable of interest. While the coefficient

on the HHI is negatively signed, opposite to what I would expect from existing research, it is not

significantly different from zero.

Related to the argument of this paper, employees in sectors with stronger profit-sharing insti-

tutions like unions could be more likely to align politically with their employer, because their own

wages are more closely linked to company profits (Dean, 2016). Controlling for union membership

as in column 4 of Table 5 does not change the strong positive relationship between asset specificity

and alignment. Furthermore, the coefficient on union membership is not significantly different

from zero, suggesting no impact of unions as profit sharing institutions on partisan alignment.

Finally, Hertel-Fernandez (2018) also finds that companies are more likely to engage politically

with their employees in industries with high regulatory exposure, i.e. in sectors where there is a

tighter connection between regulation and company profits. In column 5 of Table 5, I control for

regulatory exposure using the number of regulatory restrictions from the RegData database as a

measure of regulatory exposure, measured at the 6-digit NAICS level (McLaughlin et al., 2017). I

do not find any relationship between the extent to which an industry is exposed to regulation and

the degree of partisan alignment between firms and employees.

Moreover, Table 6 replicates the main results from above, but splits alignment by partisanship.

I also control for more geographic factors by including county-fixed effects, and include broad

industry fixed effects. Column 1 and 4 show that the main results of this paper hold using

county and broad industry fixed effects, even though the magnitude of the coefficient decreases.

In general, the relationship between asset specificity and Republican alignment is stronger, and

holds up to different fixed effects specifications. The association between asset specificity and

Democratic alignment is negative, albeit not significant in the specification using county fixed

effects. In sum, these results point to a positive relationship between asset specificity and partisan

alignment. However, both from the descriptive graphs and the below analysis, this relationship

seems to hold for Republican alignment, and less so for Democratic alignment.

21The geographic HHI has a mean of 0.16 in the sample analyzed which is higher than the US-wide 0.12,
on average. This makes sense as I am only looking at companies which are politically organized (i.e. which
have a PAC). Industry concentration has been shown to be positively related to the existence of corporate
political activity at the firm and industry level, although with mixed results (Hansen, Mitchell and Drope,
2005).
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Table 6: Regression Results: The Effect of Asset Specificity on Partisan Alignment - Different Fixed Effects

Dependent variable:

Align REP DEM Align REP DEM

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

Share Specific Assets 0.070∗∗∗ 0.181∗∗ −0.089 0.036∗∗ 0.156∗∗∗ −0.146∗∗

(0.026) (0.073) (0.100) (0.015) (0.051) (0.057)

log(Capital Expenditure) 0.002 0.004 0.004 0.002 0.008 0.00004
(0.002) (0.006) (0.010) (0.002) (0.007) (0.010)

log(Sales) −0.005 −0.078∗∗∗ 0.087∗∗ −0.002 −0.034∗ 0.038
(0.006) (0.024) (0.035) (0.005) (0.019) (0.031)

log(Employees) −0.015∗∗∗ 0.007 −0.032 −0.014∗∗∗ −0.018 −0.005
(0.005) (0.014) (0.020) (0.003) (0.012) (0.015)

log(Cost Goods Sold) 0.002 0.064∗∗∗ −0.079∗∗∗ −0.001 0.038∗∗ −0.048∗

(0.005) (0.017) (0.025) (0.004) (0.015) (0.026)

Productivity −0.004 −0.014 −0.003 −0.001 −0.003 −0.013
(0.005) (0.019) (0.019) (0.004) (0.020) (0.018)

log(Med. Income) −0.047 −0.142∗ 0.047 −0.032 −0.124 0.043
(0.031) (0.086) (0.049) (0.030) (0.085) (0.051)

Red State (1/0) 0.030∗∗∗ 0.139∗∗∗ −0.071∗∗∗ 0.014∗∗ 0.032∗∗ −0.006
(0.004) (0.011) (0.011) (0.006) (0.016) (0.019)

Year FEs Yes Yes Yes Yes Yes Yes
Occupation FEs Yes Yes Yes Yes Yes Yes
NAICS 2-digit FEs No No No Yes Yes Yes
County FEs Yes Yes Yes No No No
Observations 95,220 95,230 95,230 85,524 85,533 85,533
Adjusted R2 0.089 0.200 0.208 0.133 0.243 0.230

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. Standard errors clustered by firm are in parentheses.
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Finally, in the appendix in Table 11 I show that the results hold using the empirical quartiles

of asset specificity, not the continuous measure. Compared to Table 5 above, the result remains

essentially unchanged. In Table 10 in the appendix, I also replicate the results from Table 11

above using labor mobility as an inverse measure of asset specificity, as in Alt et al. (1999). If my

expectations with regards to the relationship is correct, the coefficient on labor mobility should be

negatively signed. When factors of production are more mobile, we would expect more class-based

cleavages and less industry- or firm-based cleavages (Hiscox, 2002a) and therefore, less employee-

employer alignment. My results show that labor mobility is indeed negatively related to partisan

alignment, controlling for geographic and firm-level factors, and using different combinations of

fixed effects as before. Moreover, as in the case of asset specificity, the relationship differs by

partisanship of alignment. Why Republican alignment is negatively associated with more labor

mobility, Democratic alignment is positively related to higher mobility. I also show the relationship

between partisanship of alignment at the aggregate level in Figure 14, confirming my argument.

5 Conclusions

In this paper, I explore whether political preferences of firms and their employees align with each

other. This important question touches upon long-standing work on the sources of individual

political preferences, and lies at the heart of political economy research on individual preferences

on trade, redistribution, or labor market risk. Unfortunately, simultaneously measuring both em-

ployer and employee political preferences is often impossible. I argue that in firms with more asset

specificity, the economic interests of employers and employees will be more aligned since the fate

of their jobs is tied more closely to the firm, and thus, employees are more likely to share similar

political preferences with their employers. For testing this claim, I match big data on 1,691,790

US campaign contribution filings of 85,109 individuals to 874 publicly listed firms and 850 oc-

cupations using natural language processing techniques. This new dataset includes widely-used

identifiers for firms, industries, and occupations, which can easily be linked to external databases

on firm financial data, census data, or data by other government agencies. I find that employees

in companies with more specific assets are significantly more aligned with their employer, on av-

erage. This relationship is substantive and stronger for Republican alignment than for Democratic

alignment. Moreover, the descriptive analysis reveals that most of the variation in alignment is at
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the level of the industry and not at the occupation-level. Hence, where individuals work seems to

matter more for partisan alignment than what they do.

There are several important implications of these findings. First, the results go contrary to re-

cent political economy research which emphasizes the importance of individual occupation-based

tasks and skills for preference formation (Kitschelt and Rehm, 2014; Owen and Johnston, 2017;

Walter, 2017; Thewissen and Rueda, 2017). I do not find the large differences in partisan alignment

across occupations predicted by this occupation-focused literature. Given the vast differences in

partisan alignment across sectors (but not across geography or occupations), a main conclusion

from this paper is that there is still a valuable role for sectoral models of individual political pref-

erences (Grossman and Helpman, 1994). Second, the large differences in partisan heterogeneity

or cohesion across companies has implications for political mobilization of firms (Olson, 1965;

March, 1962). While homogeneous firms could potentially be more likely to overcome collective

political action and mobilize politically (Ostrom, 2010), it needs empirical research to determine

whether this business unity within firms and sectors also translates into more political influence

(Walker and Rea, 2014). The results also hold potential implications for the formation of policy

coalitions (Sabatier, 1988; Rogowski, 1989; Hiscox, 2002b; Dean, 2016). For instance, while sectoral

coalitions could more likely to form among firms aligning on the same party, coalitions would

be more difficult in the presence of more partisan differences between firms in the same sector.

Third, if individual economic interests are more aligned in firms with highly specific assets, they

might also be more likely to respond to efforts by their employers to influence their political ac-

tions (Hertel-Fernandez, 2018). Finally, this paper also adds to American Politics work on the

unequal distribution of campaign donations across industries and occupations (Schlozman, Verba

and Brady, 2012; Bonica, 2014, 2016a). In particular, I differentiate occupations and industries

more clearly from each other than existing American Politics research.

This paper also opens up a rich research agenda on political alignment between employees and

employers. First, it would be important to know whether individuals self-select into companies

with similar partisan ideology or whether they actually change the partisanship of their dona-

tions when switching into industries with high asset specificity. If the former would be true,

this would imply that firm partisanship could be another factor attracting employees to firms as

suggested by recent Labor Economics research (Card et al., 2018). Consequently, if individuals
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systematically self-select into employers amplifying particular policy demands, then firms could

be another channel facilitating polarization (Bafumi and Herron, 2010). However, if individu-

als change partisanship of donations after switching industries, this would challenge established

views in American Politics about the stability of partisan ideology (Campbell et al., 1960). Sec-

ond, it would be interesting to investigate the impact of specific institutional reforms or structural

economic changes on partisan alignment, such as the proliferation of laws weakening unions or

laws increasing leverage of employers vis-a-vis employees, adding to new work on politics at the

workplace (Hertel-Fernandez, 2018). Third, the unique identifiers make it possible to link firm-

level donations to lobbying behavior of firms. Thus, researchers can distinguish between these

different corporate political strategies and their effects on policies. Finally, this paper only uses

a fraction of the linked employer-employee campaign contributions data. The full dataset can be

used to show changes in the economic geography and the industrial structure of campaign dona-

tions going back until the 1980s, at a much more fine-grained level than current studies relying on

OpenSecrets data, thus also shedding light on the evolution of the US political geography.

.
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Appendix

5.1 Companies in Data

Company Name NAICS Code NAICS Title Frequency

MICROSOFT CORP 511210 Software Publishers 6294
GOLDMAN SACHS GROUP INC 523110 Investment Banking and Securities Dealing 5139
MORGAN STANLEY 523110 Investment Banking and Securities Dealing 5115
BOEING CO 336411 Aircraft Manufacturing 4360
BANK OF AMERICA CORP 522110 Commercial Banking 3293
MERRILL LYNCH & CO INC 523110 Investment Banking and Securities Dealing 2723
COMCAST CORP 515210 Cable and Other Subscription Programming 2665
RAYTHEON CO 334511 Aeronautical, and Nautical Manufacturing 2134
ORACLE CORP 511210 Software Publishers 2115
NORTHWESTERN MUTUAL LIFE INS 524113 Direct Life Insurance Carriers 1974
AMERICAN AIRLINES INC 481111 Scheduled Passenger Air Transportation 1973
PFIZER INC 325412 Pharmaceutical Preparation Manufacturing 1881
CISCO SYSTEMS INC 334210 Telephone Apparatus Manufacturing 1834
JOHNSON & JOHNSON 325412 Pharmaceutical Preparation Manufacturing 1618
GENERAL ELECTRIC CO 999977 Unknown/Other 1550
ACCENTURE PLC 541611 Management Consulting Services 1508
NEW YORK LIFE INSURANCE 524113 Direct Life Insurance Carriers 1243
INTEL CORP 334413 Semiconductor Manufacturing 1199
AMGEN INC 325414 Biological Product Manufacturing 1146
GENERAL DYNAMICS CORP 336411 Aircraft Manufacturing 1138
FORD MOTOR CO 33611 Automobile Manufacturing 1121
GENERAL MOTORS CO 33611 Automobile Manufacturing 1098
AMERICAN EXPRESS CO 522210 Credit Card Issuing 1082
UNITED AIRLINES INC 48111 Scheduled Air Transportation 997
MERCK & CO 325412 Pharmaceutical Preparation Manufacturing 995
MCDONALD’S CORP 722513 Limited-Service Restaurants 973
AMAZON.COM INC 454111 Electronic Shopping 951
LILLY (ELI) & CO 325412 Pharmaceutical Preparation Manufacturing 945
TARGET CORP 452990 All Other General Merchandise Stores 939
SOUTHWEST AIRLINES 481111 Scheduled Passenger Air Transportation 856
COCA-COLA CO 312111 Soft Drink Manufacturing 819
EXXON MOBIL CORP 324110 Petroleum Refineries 814
BLACKSTONE GROUP LP 523920 Portfolio Management 802
PROCTER & GAMBLE CO 325611 Soap and Other Detergent Manufacturing 783
DISNEY (WALT) CO 515120 Television Broadcasting 772
AMERICAN ELECTRIC POWER CO 2211 Electric Power Generation and Distribution 743
HOME DEPOT INC 444110 Home Centers 743
3M CO 322220 Paper Manufacturing 733
HARRIS CORP 334511 Aeronautical, and Nautical Manufacturing 733
EXPRESS SCRIPTS HOLDING CO 446110 Pharmacies and Drug Stores 724

Table 7: Most frequent Firms in Linked Firm-Employee Campaign Contributions Data. The table shows
the distribution of 40 most common firms in the linked employer-employee data, their matched North
American Industrial Classification System (NAICS) code, as well as their industry title.
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5.2 Industries in Data

NAICS Code NAICS Title Frequency

523 Securities, Commodity Contracts, and Other Financial Investments 15660
325 Chemical Manufacturing 11931
334 Computer and Electronic Product Manufacturing 10615
511 Publishing Industries (except Internet) 9826
336 Transportation Equipment Manufacturing 9514
522 Credit Intermediation 8538
524 Insurance Carriers 6229
221 Utilities 5723
515 Broadcasting (except Internet) 4869
541 Professional, Scientific, and Technical Services 4331
481 Air Transportation 4207
333 Machinery Manufacturing 2970
999 Unknown/Other 2167
211 Oil and Gas Extraction 1950
311 Food Manufacturing 1590
517 Telecommunications 1547
452 General Merchandise Stores 1359
722 Food Services and Drinking Places 1235
324 Petroleum and Coal Products Manufacturing 1186
621 Ambulatory Health Care Services 1153
446 Health and Personal Care Stores 1098
482 Rail Transportation 1038
561 Administrative and Support Services 1012
424 Merchant Wholesalers, Nondurable Goods 994
312 Beverage and Tobacco Product Manufacturing 986
454 Nonstore Retailers 951
339 Miscellaneous Manufacturing 935
444 Building Material and Garden Equipment and Supplies Dealers 849
322 Paper Manufacturing 778
721 Accommodation 764
445 Food and Beverage Stores 718
519 Other Information Services 712
236 Construction of Buildings 672
111 Crop Production 583
332 Fabricated Metal Product Manufacturing 571
512 Motion Picture and Sound Recording Industries 532
212 Mining (except Oil and Gas) 496
316 Leather and Allied Product Manufacturing 476
492 Couriers and Messengers 438
532 Rental and Leasing Services 437

Table 8: Most frequent Industries in linked Firm-Employee Campaign Contributions Data. The table
shows the distribution of 40 most frequent North American Industrial Classification System (NAICS) 3-digit
industries in the linked employer-employee data.

38



5.3 Occupations in Data

SOC 2010 SOC 2010 Title Frequency

11-1011 Chief Executives 24291
23-1011 Lawyers 9057
11-3031 Financial Managers 7726
11-9199 Managers, All Other 7375
17-2021 Agricultural Engineers 6079
15-1111 Computer and Information Research Scientists 3727
13-2052 Personal Financial Advisors 3719
11-2021 Marketing Managers 2880
41-3031 Financial Services Sales Agents 2748
41-4011 Sales Representatives, Wholesale and Manufacturing 2726
11-1021 General and Operations Managers 2357
11-9081 Lodging Managers 1636
11-9041 Architectural and Engineering Managers 1571
13-1199 Business Operations Specialists, All Other 1558
45-3011 Fishers and Related Fishing Workers 1486
13-2011 Accountants and Auditors 1335
11-3121 Human Resources Managers 1308
19-3094 Political Scientists 1259
11-2031 Public Relations and Fundraising Managers 1171
11-2022 Sales Managers 1168
29-1069 Physicians and Surgeons, All Other 968
11-9021 Construction Managers 947
15-1132 Software Developers, Applications 914
17-3029 Engineering Technicians, Except Drafters, All Other 890
11-3021 Computer and Information Systems Managers 888
41-3021 Insurance Sales Agents 826
13-1111 Management Analysts 742
15-1199 Computer Occupations, All Other 700
53-2031 Flight Attendants 630
41-1012 First-Line Supervisors of Non-Retail Sales Workers 624
11-9033 Education Administrators, Postsecondary 617
27-3031 Public Relations Specialists 578
15-1121 Computer Systems Analysts 569
13-2031 Budget Analysts 557
11-9111 Medical and Health Services Managers 546
29-1051 Pharmacists 507
15-1152 Computer Network Support Specialists 481
13-1161 Market Research Analysts and Marketing Specialists 419
13-1011 Agents and Managers of Artists, Performers, and Athletes 411
11-3061 Purchasing Managers 394

Table 9: Unequal Frequency of Occupations in linked Firm-Employee Campaign Contributions Data.
The table shows the distribution of 40 most common Standardized Occupation Classification (SCO) codes
in the linked firm-employee contributions data. The table shows that Management, Business and Financial,
and Legal occupations comprise more than half of the individual contributions matched.
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5.4 Examples of Firms Donating only for One Party
Only 1282 firm-year observations (out of 7844, or 16%) donate one-sided. 83% donate to both
parties. There are some firms with consistent Republican-only donations, but not as many do-
nating to the Democratic party only. Below, see examples of Republican companies (gvkey in
parenthesis):

• XTO ENERGY INC (28256),

• WORTHINGTON INDUSTRIES (11600)

• WERNER ENTERPRISES INC (12266)

• SUN BANCORP INC (19420)

• REMINGTON ARMS COMPANY INC (9043)

• COOPER INDUSTRIES PLC (3497)

• CRYOLIFE INC (27823)

• LEGGETT & PLATT INC (6649)

• COLONIAL BANCGROUP (14201)

Below, see examples of Democratic companies (gvkey in parenthesis):

• JERRYS INC (6252)

• HOMESTREET INC (187164)

• MAUI LAND & PINEAPPLE CO (7117)

• PHOENIX COMPANIES INC (142462)

• REEBOK INTERNATIONAL LTD (9004)

• BANK OF HAWAII CORP (16200)

• BROWN & BROWN INC (117500)

• FUELCELL ENERGY INC (25430)
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5.5 Within-Occupation Variation in Alignment across 3-digit NAICS Industries
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Figure 12: Strong Within-Occupation Variation in Alignment in Manufacturing Industries. These box-
plots show that there is strong within-occupation variation in alignment for six very different different
six-digit SOC occupations across industries. Data: own calculations.
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5.6 Variation in Alignment across 3-digit SOC Occupations
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Helpers, Construction Trades (47−3000)
Baggage Porters, Bellhops, and Concierges (39−6000)

Other Teachers and Instructors (25−3000)
Communications Equipment Operators (43−2000)

Nursing, Psychiatric, and Home Health Aides (31−1000)
Rail Transportation Workers (53−4000)

Printing Workers (51−5100)
Material Moving Workers (53−7000)

Other Construction and Related Workers (47−4000)
Cooks and Food Preparation Workers (35−2000)

Animal Care and Service Workers (39−2000)
Food and Beverage Serving Workers (35−3000)

Food Processing Workers (51−3000)
Grounds Maintenance Workers (37−3000)

Tour and Travel Guides (39−7000)
Other Installation, Maintenance, and Repair Occupations (49−9000)

Assemblers and Fabricators (51−2000)
Counselors, Social Workers, and Other Community and Social Service Specialists (21−1000)

Other Production Occupations (51−9000)
Other Sales and Related Workers (41−9000)

Supervisors of Production Workers (51−1000)
Information and Record Clerks (43−4000)

Legal Support Workers (23−2000)
Material Recording, Scheduling, Dispatching, and Distributing Workers (43−5000)

Supervisors of Construction and Extraction Workers (47−1000)
Life Scientists (19−1000)

Librarians, Curators, and Archivists (25−4000)
Air Transportation Workers (53−2000)

Religious Workers (21−2000)
Mathematical Science Occupations (15−2000)

Supervisors of Building and Grounds Cleaning and Maintenance Workers (37−1000)
Vehicle and Mobile Equipment Mechanics, Installers, and Repairers (49−3000)

Preschool, Primary, Secondary, and Special Education School Teachers (25−2000)
Health Technologists and Technicians (29−2000)

Retail Sales Workers (41−2000)
Funeral Service Workers (39−4000)

Other Office and Administrative Support Workers (43−9000)
Art and Design Workers (27−1000)

Other Personal Care and Service Workers (39−9000)
Computer Occupations (15−1100)

Health Diagnosing and Treating Practitioners (29−1000)
Other Education, Training, and Library Occupations (25−9000)

Physical Scientists (19−2000)
Postsecondary Teachers (25−1000)

Supervisors of Food Preparation and Serving Workers (35−1000)
Business Operations Specialists (13−1000)

Lawyers, Judges, and Related Workers (23−1000)
Life, Physical, and Social Science Technicians (19−4000)

Electrical and Electronic Equipment Mechanics, Installers, and Repairers (49−2000)
Entertainers and Performers, Sports and Related Workers (27−2000)

Other Food Preparation and Serving Related Workers (35−9000)
Construction Trades Workers (47−2000)

Media and Communication Workers (27−3000)
Other Healthcare Practitioners and Technical Occupations (29−9000)

Advertising, Marketing, Promotions, Public Relations, and Sales Managers (11−2000)
Other Management Occupations (11−9000)

Engineers (17−2000)
Architects, Surveyors, and Cartographers (17−1000)

Motor Vehicle Operators (53−3000)
Plant and System Operators (51−8000)

Media and Communication Equipment Workers (27−4000)
Supervisors of Sales Workers (41−1000)

Law Enforcement Workers (33−3000)
Sales Representatives, Wholesale and Manufacturing (41−4000)

Metal Workers and Plastic Workers (51−4000)
Secretaries and Administrative Assistants (43−6000)

Social Scientists and Related Workers (19−3000)
Agricultural Workers (45−2000)

Personal Appearance Workers (39−5000)
Entertainment Attendants and Related Workers (39−3000)

Supervisors of Office and Administrative Support Workers (43−1000)
Drafters, Engineering Technicians, and Mapping Technicians (17−3000)

Financial Specialists (13−2000)
Operations Specialties Managers (11−3000)
Other Protective Service Workers (33−9000)
Sales Representatives, Services (41−3000)

Fire Fighting and Prevention Workers (33−2000)
Supervisors of Personal Care and Service Workers (39−1000)

Financial Clerks (43−3000)
Fishing and Hunting Workers (45−3000)

Building Cleaning and Pest Control Workers (37−2000)
Top Executives (11−1000)

Supervisors of Protective Service Workers (33−1000)
Water Transportation Workers (53−5000)

Textile, Apparel, and Furnishings Workers (51−6000)
Supervisors of Installation, Maintenance, and Repair Workers (49−1000)

Military Officer Special and Tactical Operations Leaders (55−1000)
Military Enlisted Tactical Operations and Air/Weapons Specialists and Crew Members (55−3000)

Extraction Workers (47−5000)
Other Healthcare Support Occupations (31−9000)

Supervisors of Transportation and Material Moving Workers (53−1000)
Woodworkers (51−7000)

Forest, Conservation, and Logging Workers (45−4000)
Other Transportation Workers (53−6000)

Occupational Therapy and Physical Therapist Assistants and Aides (31−2000)
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Figure 13: Weak Variation in Alignment across 6-digit Occupations. The graph shows that there are
much less differences in alignment across very fine-grained occupations, compared to variation across
industries. Data: own calculations.

42



5.7 Relationship between Labor Mobility and Firm Alignment

An alternative measure of asset specificity as measured in this paper, site specificity, is human

capital specificity. I measure human capital specificity as former studies with labor mobility,

which is measure as LMkt =
JGkt−JLkt
JGkt+JLkt

, where JGkt are job gains in industry k in year t, and JLkt are

job losses, taken from the Statistics of US Businesses (SUSB) tables, published by the US Census

Bureau. Hence, LMkt measures the overall movements in a given sector in a given year. One caveat

of this measure is that the SUSB tables only become available after some delay, so the measure

ends in 2015 at the moment. This measure is 0.28 in the sample, which is slightly higher than the

country-wide average of 0.26 between 2003 and 2015.

Figure 14 plots the average alignment in each 4-digit NAICS sector in my data against this

labor mobility measure. There is only a weakly negative relationship in terms of overall alignment

at the industry level. However, the middle and the rightmost scatter plot show that there seems

to be a negative relationship between Republican alignment and labor mobility, while there is a

positive relationship between labor mobility and Democratic alignment.
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Figure 14: Party-Specific Relationship between Alignment and Labor Mobility. For robustness, these
plots show the relationship between labor mobility at the 4-digit NAICS level and mean sectoral alignment.
Labor mobility shows a strong negative relationship with Republican alignment, and a strong negative
relationship with Democratic alignment. Data: own calculations and Census Bureau Statistics of U.S.
Businesses (SUSB).

Controlling for year- and occupation fixed effects, Table 10 replicates the main results from this

paper using labor mobility as an inverse measure of firm-level asset specificity. The results show

that there is a slight negative relationship between mobility and higher partisan alignment. More-

over, the regressions reflect the asymmetric impact of mobility on Republican and Democratic

alignment shown in the scatter plots in Figure 14, using different combinations of fixed effects.
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Table 10: Regression Results: The Effect of Labor Mobility on Partisan Alignment

Dependent variable:

Align REP DEM Align REP DEM Align REP DEM

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

Labor Mobility −0.063∗∗ −0.352∗∗∗ 0.301∗∗∗ −0.043∗ −0.203∗∗ 0.200∗∗ −0.098∗∗∗ −0.277∗∗ 0.147
(0.029) (0.089) (0.091) (0.024) (0.079) (0.089) (0.035) (0.121) (0.131)

log(Capital Expenditure) 0.008∗∗∗ 0.025∗∗∗ −0.015∗∗ 0.004∗ 0.021∗∗∗ −0.016∗∗ 0.002 0.014∗∗ −0.006
(0.003) (0.007) (0.006) (0.002) (0.006) (0.006) (0.002) (0.006) (0.008)

log(Sales) −0.012∗∗ −0.087∗∗∗ 0.061∗∗∗ −0.003 −0.051∗∗∗ 0.041∗ −0.007 −0.088∗∗∗ 0.075∗∗∗

(0.006) (0.017) (0.022) (0.005) (0.015) (0.024) (0.006) (0.022) (0.029)

log(Employees) −0.023∗∗∗ −0.032∗∗∗ 0.007 −0.019∗∗∗ −0.032∗∗∗ 0.010 −0.023∗∗∗ −0.013 −0.016
(0.005) (0.012) (0.013) (0.004) (0.011) (0.013) (0.006) (0.014) (0.017)

log(Cost of Goods Sold) 0.010∗∗ 0.080∗∗∗ −0.058∗∗∗ 0.003 0.051∗∗∗ −0.040∗ 0.009 0.075∗∗∗ −0.062∗∗∗

(0.005) (0.015) (0.021) (0.004) (0.014) (0.023) (0.006) (0.018) (0.022)

Productivity −0.007 −0.021 −0.010 −0.007∗∗ −0.018 −0.011 −0.017∗∗∗ −0.036∗∗ −0.002
(0.005) (0.017) (0.016) (0.004) (0.018) (0.018) (0.004) (0.017) (0.017)

log(Median Income) 0.029 0.049 0.028 0.042 0.056 0.037 0.029 0.037 0.046
(0.033) (0.117) (0.064) (0.035) (0.116) (0.063) (0.034) (0.116) (0.064)

Red State (1/0) 0.037∗∗∗ 0.166∗∗∗ −0.092∗∗∗ 0.017∗∗ 0.026 0.018 0.032∗∗∗ 0.145∗∗∗ −0.076∗∗∗

(0.006) (0.014) (0.011) (0.008) (0.019) (0.018) (0.006) (0.013) (0.011)

Year FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes
Occupation FEs Yes Yes Yes Yes Yes Yes Yes Yes Yes
County FEs No No No Yes Yes Yes No No No
NAICS 2-digit FEs No No No No No No Yes Yes Yes
Observations 74,576 74,576 74,576 67,117 67,117 67,117 74,576 74,576 74,576
Adjusted R2 0.065 0.185 0.203 0.120 0.246 0.239 0.073 0.203 0.219

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. Standard errors clustered by firm are in parentheses.



Table 11: Regression Results: The Effect of Asset Specificity on Partisan Alignment

Dependent variable:

Partisan Alignment

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

Specific Assets - Q2 0.014 0.014 0.013 0.013 0.015 0.016∗

(0.009) (0.010) (0.010) (0.011) (0.010) (0.009)

Specific Assets - Q3 0.035∗∗∗ 0.033∗∗∗ 0.035∗∗∗ 0.039∗∗∗ 0.037∗∗∗ 0.049∗∗∗

(0.011) (0.012) (0.012) (0.013) (0.012) (0.016)

Specific Assets - Q4 0.040∗∗ 0.037∗∗ 0.041∗∗ 0.040∗∗ 0.045∗∗∗ 0.037∗∗

(0.016) (0.017) (0.020) (0.018) (0.016) (0.016)

log(Capital Expenditure) 0.004∗∗ 0.004∗∗ 0.004∗∗ 0.003 0.004∗∗ 0.005∗∗

(0.002) (0.002) (0.002) (0.003) (0.002) (0.002)

log(Sales) −0.008∗ −0.007 −0.008∗ −0.007 −0.010∗ −0.005
(0.005) (0.005) (0.005) (0.006) (0.005) (0.006)

log(Employees) −0.016∗∗∗ −0.016∗∗∗ −0.016∗∗∗ −0.018∗∗∗ −0.015∗∗∗ −0.017∗∗∗

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

log(Cost of Goods Sold) 0.004 0.004 0.005 0.006 0.005 0.002
(0.004) (0.004) (0.004) (0.004) (0.004) (0.005)

Productivity 0.0001 −0.00005 0.0001 −0.004 0.001 0.001
(0.004) (0.004) (0.004) (0.004) (0.004) (0.005)

log(Median Income) −0.041 −0.040 −0.040 0.032 −0.042 −0.058∗∗

(0.030) (0.031) (0.031) (0.034) (0.030) (0.029)

Red State (1/0) 0.032∗∗∗ 0.033∗∗∗ 0.031∗∗∗ 0.032∗∗∗ 0.032∗∗∗ 0.028∗∗∗

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

Unemployment Rate −0.003∗∗

(0.001)

HHI −0.006
(0.015)

Labor Mobility −0.041
(0.028)

Union Membership −0.0003
(0.0003)

# Regulatory Restrictions 0.002
(0.002)

Year FEs Yes Yes Yes Yes Yes Yes
Occupation FEs Yes Yes Yes Yes Yes Yes
Observations 95,220 85,110 90,293 74,575 93,543 62,881
Adjusted R2 0.084 0.085 0.083 0.068 0.084 0.083

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01. Standard errors clustered by firm are in parentheses.
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