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Abstract 

Has the Democratic Party’s commitments to the knowledge economy allowed it to 
reap electoral rewards among inventors who produce new technologies or have Amer- 
ican political institutions confined those payoffs to only a few regions and candidates? 
To answer these questions, one must observe changes in the political behavior of Amer- 
ican inventors over time. I therefore merged U.S. patent and campaign contribution 
(DIME) data to develop a unique dataset capturing donations and ideology scores for 
30,603 American inventors who donated to political campaigns from 1980 through 
2014. Aggregate trends suggest the Democratic Party has made inroads among the 
constituency of American inventors and that inventors who give to Democrats have 
become much more liberal over time. But closer scrutiny of the data suggests that these 
trends are explained mostly by changes in political geography as Democratic inventors 
increasingly reside in a few strong liberal enclaves. As a result, their growing numbers 
and contribution amounts are increasingly concentrated on a relatively small number 
of political candidates. These findings suggest that the geographic disparities inherent 
to the nation’s chosen strategy for knowledge economy development may ultimately 
limit that strategy’s political viability. 
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1 Introduction 

 
Inventors, or those who produce valuable intellectual property, are central actors in the 

American knowledge economy and are an equally important constituency for those elected 

officials within the Democratic Party who have embraced the knowledge economy and 

have worked to hasten its development (Haskel and Westlake, 2018; Schwartz, 2022; Short, 

2022). But despite the importance of inventors in the American political economy, social 

scientists know surprisingly little about the political beliefs and behaviors of those who 

produce intellectual property and even less about how their behavior has changed over 

time. As a result, it is difficult to determine whether the Democratic Party’s attempts to 

cultivate the knowledge economy have allowed it to reap electoral rewards. 

Theory offers potentially competing answers to this question. On the one hand, because 

prominent Democrats have publicly championed the knowledge economy since at least 

1972 (Geismer, 2015), we might expect those efforts to have motivated American inventors 

to express deeper levels of support for Democratic candidates over time, much in the 

the
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districts—have concentrated the electoral payoffs to a few Congressional Districts or states 

(Rodden, 2019). 

To determine if either hypothesis has empirical support, I developed a unique data set 

containing ideology scores and information on the donation behavior for 30,603 American 

inventors across 18 election cycles. Specifically, I used the research data sets provided by 

the U.S. Patent and Trademark Office to identify U.S. residents listed as a named inventors 

on a U.S. patent applied for on or after January 1, 1979. I then merged the inventor data 

with campaign contribution data from the Database on Ideology, Money in Politics (DIME) 

(Bonica, 2016) to capture campaign donations and the common-factor ideology scores 

imputed from those donations among U.S. inventors for every election cycle from 1980 

through 2014. Finally, I linked the self-reported donor employer names to organizations in 

the Capital IQ database 
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institutions may constrain the electoral payoffs to be derived from championing a specific 

vision for the nation’s economic future. The present study also differs in focusing more 

on innovators than entrepreneurs, or those who produce new and valuable IP (often for 

incumbent firms) rather than those who start their own businesses.2 

By analyzing ideological changes among American inventors, this study contributes to a 

large and established literature on political polarization in the United States (Levendusky, 

2009; Fiorina, Abrams, and Pope, 2010; Abramowitz, 2013; McCarty, Poole, and Rosenthal, 

2016), especially those studies exploring the connection between polarization and the rural- 

urban divide in American politics (Cramer, 2016; Rodden, 2019). But it contributes much 

more directly to a small and growing literature on the ways in which American political 

institutions have shaped knowledge economy development in the United States (Soskice, 

2022; Barnes, 2022; Gingrich, 2022). A key implication is that American institutions have 

the potential to create a political form of “double marginalization” when it comes to 

promoting new models of economic growth, an effect that may cast doubt on the viability 

or sustainability of “third-way” or “neoliberal” economic reforms more broadly. By first 

constraining the economic policy choice set to those policies that exacerbate geographic 

inequalities and then impeding the formation of cross-regional coalitions that might 

advocate for a more equitable geographic distribution of resources, American institutions 

may doom many such reforms to marginal (and highly unequal) success. I comment 

on this possibility and other implications in the Conclusion. Importantly, though, this 

study moves beyond prior work to consider the ways in which institutions plausibly 

influence political behavior. To do so requires disentangling the effects of inventorship— 
 

2Though, in the absence of inventor surveys, it is difficult to know if this distinction is salient. 
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an individual characteristic—from the effects of geography when explaining aggregate 

changes in behavioral patterns, which is a difficult undertaking. A secondary implication, 

then, is that, to the extent we associate Democratic gains among inventors or rising inventor 

liberalism with the knowledge economy transition, these shifts appear to be rooted in 

regional rather than individual behaviors. 

 
 

2 Construction of the Dataset 

 
The process for creating the inventor-donor data set involved three main steps: (1) identify 

all inventors (first and last name, firm, and city and state of residence) listed on U.S. 

patents that were applied for on or after January 1, 1979 and who resided within the 

United States using research datasets provided by the U.S. Patent and Trademark Office; 

(2) identify the subset of these U.S. im
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subject matter,3 and so subject to certain disclosure requirements and an examination of 

prior art, the Patent and Trademark Office generally issues patents for any new and non- 

obvious invention, broadly construed. Accord.

Tr
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Table 1: Donations by Technology Classes Show Political Bias 
 

NBER Subcategory Dem Share (%) Rep Share (%) Total (Mil USD) 

High Dem Share 
optics 66.84 29.72 3.73 
computer hardware & software 63.29 31.40 57.73 
computer peripherals 60.33 23.07 3.45 
semiconductor devices 58.92 28.64 3.60 
information storage 50.19 23.45 19.36 
resins 48.91 38.93 2.98 
genetics 48.23 35.25 0.91 

High Rep Share 
pipes & joints 5.54 93.06 
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High Patent Districts Give More to Democrats Since 1996 
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Figure 1: Each plot in this figure shows the share of all patents applied for by U.S. inven-
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organization, and reside in the same Congressional District. For each election cycle, I 

then regressed a binary variable indicating whether the donor contributed to Democratic 

candidates or committees on another binary variable indicating whether the donor is an 

inventor. The over time evolution in the coefficients on the inventorship variable reveal 

whether inventors have developed a stronger propensity to contribute to Democrats after 

controlling for differences arising from gender, place of work, and place of residence. The 

regressions were run in matched data sets including all inventors (any donor that applied 

for a patent in the current election cycle or any time prior) and the subset of “switchers,” 

which are inventors who had not applied for a patent in the prior election cycle but did in 

the current election cycle (i.e., donors who only became inventors in the current election 

cycle). The estimates from the subset of switchers are not a separate quantity of interest, but 

provide a robustness check to ensure that that the estimates observed among all inventors 

are comparable to those observed among first-time inventors and that the groups are not 

materially different. 

The regression output is reported in Appendix B, but the main result is illustrated in Figure 

3, which shows the estimated coefficients on the inventorship variable in each election 

cycle. The solid points and confidence intervals show the results from estimating the 

coefficients using the full matched data set, while the crossed points (with no confidence 

intervals) show the point estimates from running the same regressions using the subset of 

switchers. As shown, from the 1980 through the 2006 election cycles, inventors were just 

as likely as their peers (those of the same gender, place or work, and place of residence) to 

donate to Democratic candidates and committees, but since the 2008 election cycle, they 
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have become slightly less likely than their peers to donate to Democratic candidates and 

committees. These results are consistent with Broockman, Ferenstein, and Malhotra (2019) 

to the extent they suggest that inventors have somewhat unique political preferences and 

may be more conservative than their peers in certain dimensions. But they also suggest 

that changes in political geography are driving Democratic gains among inventors: after 

controlling for geography, inventorship actually pulls in the opposite direction and would 

alone suggest that the Democratic Party has been losing, not gaining, ground with this 

constituency. 
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Table 2: Inventor Donations Have Become More Concentrated by Geography 
 

Variable 
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Table 3: Higher Shares of Donations in Presidential Races Go to a Few Candidates 
 

Variable 1988 1996 2004 2012 

Number of Dem. Candidates 
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Table 4: 
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2018), and who received 73.1 of his donations from out of state inventors. As these ex- 

amples suggest, there is some opportunity to cultivate inventor support for candidates 

in non-leading states, but those few have successfully capitalized on those opportunities. 

The dominant tendency is instead for large shares of Democratic inventor donations to 

flow to candidates in regions that are leading the knowledge economy transition. 

To summarize, the analyses above suggest that, while the Democratic Party has made great 

inroads within the constituency of American inventors, they have achieved those gains 

not because these knowledge economy workers have become more strongly attached to 

the Democratic Party by virtue of their status as inventors, but because these knowledge 

economy workers increasingly work and reside in regions that have developed strong 

preferences for Democratic candidates. And, consistent with the hypothesis that American 

political institutions have constrained the electoral payoffs the Democratic Party can earn 

from its commitments to the knowledge economy, increasing shares of inventor donations 

flow from only a few regions and increasing shares of those donations in turn accrue to 

only a few candidates. The next section looks for evidence of an alternative payoff. Has 

the Democratic Party’s positions on the knowledge economy turned a relatively moderate 

group of donors and voters into more ardent and committed liberals? 
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As with the aggregate donation patterns depicted in Figure 2, these aggregate ideological 

shifts are amenable to multiple explanations. It is possible that the Democratic Party’s 
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estimating the results using the full matched data set, while the crossed points (with no 

confidence intervals) show the point estimates from running the same regressions using 

the subset of switchers (those who applied for their first patent in the same election cycle). 

The figure shows that inventors were somewhat more conservative than their peers in 
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to identify all companies that produced intellectual property in the five years prior to each 

election cycle. I merged these firm names with the DIME database to gather contribution 

and ideology data on all employees for these firms (inventors and non-inventors alike) 

in each election cycle. I then linked new firm names (for those firms which did not have 

inventor donors) to Capital IQ firm identifiers and 4-digit SIC codes. 

With this dataset, 
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Democratic knowledge economy workers. 

 
Such an analysis suggests that Democratic knowledge economy workers are becoming 

more polarized primarily by virtue of the place they live rather than the place they work, 

though residual variation in ideology scores within districts and organizations remains 

an important contributor as well. Figure 6 illustrates the main results. It shows the point 

estimates and 95 percent confidence intervals for each of the parameters of the model 

when the model is fitted to data for Democratic knowledge economy workers (left panel) 

and Republican knowledge economy workers (right panel) in the 1992 election cycle 

(black points) and the 2012 election cycle (gray points). The figure reveals that, for both 

Democratic and Republican knowledge economy workers, the estimated variance in the 

average ideology scores between organizations did not materially change between 1992 

and 2012. This effectively means that differences between organizations cannot explain 

increasing polarization among knowledge economy workers. 

In contrast, for Democratic knowledge economy workers, the estimated variance in the 

average ideology scores between Congressional Districts plummeted by about 84 percent 

and, as of 2012, was close to zero (the point estimate is 0.058). In other words, Democratic 

knowledge economy workers have come to increasingly reside in homogeneous liberal 

enclaves, so that there is almost no variation left in the average ideology scores across the 

districts in which these workers reside. This effectively means that changes in political 

geography can plausibly explain increasing polarization among Democratic knowledge 

economy workers. A significant decline in the residual variance, by about 40 percent 

between 1992 and 2012, also suggests that polarization among Democratic knowledge 
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Political Geography Explains Increasing Polarization in the Knowledge Economy 
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tend to exacerbate pre-existing regional inequalities 



http://www.econclub.org/meeting/senator-peters/
http://www.econclub.org/meeting/senator-peters/
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Gelman, Andrew, and Jennifer Hill. 2007. Data Analysis Using Regression and Multi- 

level/Hierarchical Models. Cambridge University Press: 
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Schickler, Eric. 2016. Racial Realignment: The Transformation of American 

https://scholar.harvard.edu/nickshort/publications/distributional-consequences-american-knowledge-economy
https://scholar.harvard.edu/nickshort/publications/distributional-consequences-american-knowledge-economy
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Progress.” Videotaped interview. https://techonomy.com/video/booker-fischer-parker- 

technology-innovation-and-american-progress/. 
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I then identified those American inventors who also contributed to a political campaign at 

some point from 1979 through 2014 (the 1980-2014 cycles). I completed the matching in 

three steps. First, I stratified the patent and donor data by both election cycle and state. 

The algorithm would therefore only find a match if an inventor both applied for a patent 

and made a campaign contribution in the same election cycle (an election year and the 

prior year). These matches are the strongest because the invention and donation occur 

close in time. Second, I stratified the remaining data (after purging matches from the first 

step) by state and repeated the matching for inventors in all states except California, New 

York, 
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Once inventor-donors are matched in this fashion, it is possible to use the unique identifiers 

in both data set to construct an invention record, containing data  
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DIME employer was missing or appeared to be conflated with occupation or employment 

status (CEO, engineer, retired, etc.). I then ranked the remaining employer names in 

descending order by the number of inventor donations (not the dollar amount) associated 

with that employer. I fed all of these names into Capital IQ’s proprietary lookup algorithm 

to generate a suggested match and then audited the matches in two steps. First, because the 

top 2,212 of these na
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database has the best coverage from the mid-1990s to the present. The fifth column shows 

the share of all donors that are linked to Capital IQ organizations that are inventor-donors, 

which essentially defines the pool of inventor-donors eligible for matching. It show.0484 0 0 1 317.33 650.5 Tm
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Table 1: Summary of the Inventor-Donor Dataset 
 

Cycle Total 
Donors 
(Thou- 
sands) 

Inventor 
Share 

(%) 

CIQ 
Linked 

Share 
(%) 

Linked 
Inven- 

tor 
Share 

(%) 

Matched 
Inven- 
tors 

Matched 
Share 

(%) 

1980 225.1 0.5 6.3 0.5 22 31.0 
1982 101.4 1.9 5.6 0.9 10 20.0 
1984 152.9 1.8 4.3 1.2 21 26.6 
1986 155.9 2.3 6.6 1.3 42 30.9 
1988 247.6 1.8 6.4 1.0 49 29.7 
1990 287.8 2.0 8.1 1.4 125 38.0 
1992 451.1 1.5 7.8 1.6 251 44.3 
1994 428.7 1.9 9.2 1.8 275 38.9 
1996 595.8 1.7 8.8 1.9 357 35.8 
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allowed me to link DIME employers to an additional 887 Capital IQ organizations in 1992 

and an additional 7,200 Capital IQ organizations in 2012. These organizations produced IP 

in the years leading up to the election cycle and had employees who donated in federal 

elections but did not have inventor-donors who made contributions. 

Table 2 characterizes the data set used in the ANOVA analysis. For each election cycle, 

column 2 shows the total number of donors in the DIME data and column 3 shows the share 

of those donors (inventors and non-inventor employees at IP producers) that are linked to 

Capital IQ organizations. Columns four through six show the number of organizations, 

Congressional Districts, and industries (4-





 





 

 

Table 5: Regression Results for Democratic Donor Model - Full Matched Dataset 

  





 

— − − − − − 

— − 

— − − − 

 

Table 7: Regression Results for Democratic Share Model - Full Matched Dataset 

 
 

(5.332) (0.000) (6.028) (3.401) (3.816) 

 
 
 

 
(4.054) (0.000) (4.782) (2.591) (2.841) (1.900) 

Observations 42 20 40 82 97 247 
R2 0.703 1.000 0.808 0.825 0.745 0.749 

Adjusted R2 0.688 1.000 0.798 0.821 0.739 0.747 
Residual 





 

 

Table 9: Regression Results for Republican Share Model - Full Matched Dataset 
Dependent variabl



 

—



 

— − − − − − 

− 

— − − − − − 

— − − − − − 

 

Table 11: Regression Results for PAC-UPA Share Model - Full Matched Dataset 
Dependent variable: PAC-UPA Share of Donations 

 

1980 1982 1984 1986 1988 1990 
 

inventor 15.939 1.860 2.340 1.288 4.003 12.398∗∗ 

(13.086) (1.908) (9.016) (7.527) (8.490) (5.382) 

dem_donor  35.027∗∗  1.033  14.647 18.422∗∗ 22.869∗∗ 46.098∗∗∗ 

(15.362) (3.180) (9.311) (8.764) (9.583) (5.998) 

Constant 32.133∗∗∗  0.103 13.877∗ 20.278∗∗∗ 32.329∗∗∗ 51.835∗∗∗ 

(9.950) (1.386) (7.152)  (5.735)  (6.320)  (4.213) 

Observations 42 20 40 82 97 247 
R2
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