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Abstract
Political polarization has been increasing over time. Concurrently, the role of team-based innovation in economic growth has become increasingly important. This paper examines how inventors’ political leanings affect innovation. First, we explore how inventors’ political preferences affect the formation of co-invention teams within organizations. Second, we examine whether politically homogeneous teams perform better or worse than politically heterogeneous teams in terms of innovative output. To examine these questions, we match inventors in the USPTO patent database to their voter registration records, which contains not only their political affiliation, but also their level of political engagement. We also geolocate each patent assignee/employer of every inventor to create a “risk set” of potential collaborators for a focal inventor. Using a variety of estimation techniques, we describe both the regularities in the data and results from econometric analysis. We show that there is indeed homophily on innovation teams: Democrats tend to avoid partnering with Republicans, and vice versa. We find modest evidence that politically heterogeneous teams outperform homogenous teams in terms of patenting success, but causal effects must be interpreted cautiously as they are sensitive to the instrumentation used. 
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Introduction 
Political polarization has been increasing in the United States and across the globe over the past 25 years. The schism between Democrats and Republicans, Labor and Conservatives, and Likud and Blue & White bring into focus the tension that exists between citizens with different political preferences. While much has been written about how individuals of various political persuasions interact (or don’t interact, as the case may be), there has been little research exploring how political leanings of individuals affect the path of team-based innovation. Yet given the importance of innovation to economic growth, it is important to understand the degree to which inventors’ political affiliations may introduce imperfections into the innovation process.
In this paper we examine how the political affiliations of inventors in the U.S. affect the teams they form, the technologies they pursue, and the productivity and success of their innovative efforts. The paper examines two questions. First, does inventor political affiliation affect inventor team formation – do Democratic-affiliated (Republican-affiliated) inventors tend to form teams with other Democrats (Republicans), or does innovation-team formation transcend the political leanings of the team members? Second, do politically homogeneous teams perform differently than politically heterogeneous team in terms of innovative output?
To answer these questions, we bring together a number of datasets on inventor teams, political affiliation, innovation efforts, and innovation success. We begin with a comprehensive dataset on all patent applications from 1976 to 2019. Each patent application identifies a large number of fields; the most relevant for our analysis are inventor name(s) and location(s), assignee (employer), technology class, and date of application. We take each inventor and match them into the voter registration records from four states: California, Texas, North Carolina, and Ohio.[footnoteRef:1] These states comprise more than 30% of the total U.S. population and more than 40% of all U.S-source patents, and also span a range of aggregate political leanings. [1:  Note to SIOE organizers: We have already done this for North Carolina and we expect to finish California by March. Texas and Ohio will be done during the summer, ideally by June but not with 100% certainty. Results discussed in this submission relate exclusively to North Carolina.] 

The voter registration records contain information on each person’s address, political affiliation, and aspects of their voting history. With this information, we can determine the political composition of the inventor teams. We can also track the success of each inventor team by determining whether a patent application was successful and, if so, then how the patent performs on a variety of measures of quality such as forward citations. Using the address information of the employers and the inventors, we can then determine the political composition of each R&D location of the firm, as well as the political composition of the inventor’s region (county or MSA). This enables us to construct a “risk set” of potential co-inventors by firm-location, which allows us to conduct both reduced form and instrumental variables estimations of inventor team performance.
The paper has three sets of findings. First, inventors are extremely politically engaged. Approximately 82 percent of citizen-inventors voted in a federal political primary in the four years prior to a patent application, compared to 28 percent of all Americans. Second, co-invention teams exhibit significant levels of political homophily, with Democrats tending to avoid collaborating with Republicans (and vice versa) at substantially higher rates than random assignment would predict, even after controlling for technology class. Finally, the effect of ideological homophily on innovation seems to demonstrate a weak negative effect – e.g., heterogenous teams have slightly higher rates of patent success – but this result is sensitive to the approach used to address endogeneity regarding the pool of available co-inventors. We also briefly demonstrate that 
Republican inventors tend to pursue different technologies than Democratic inventors, suggesting that the overall thrust of innovation may split along political lines as well.

[bookmark: Literature_and_Theory][bookmark: Innovation_Teams_Literature/Sociology_Te]Political homophily in teams 
Recent evidence demonstrates that innovation is increasingly conducted by teams (Wuchty et al. 2007; Agarwal et al. 2016). Given the centrality of teams to innovation, two questions come to the fore: What determines whether certain individuals form an innovation team; and does team composition matter? Numerous literatures speak to the first question. The innovation literature typically suggests that team formation is driven by rational actors seeking skill complementarity: Individuals find gaps in their expertise, knowledge, or skill set, and seek out other individuals to fill those gaps (Teodoridis 2018). Alternatively, the sociology literature has argued that potential inventors seek out like-minded individuals to form teams, to avoid dissonant situations (Phillips et al. 2009); this is consistent with the broader sociological literature showing that many types of interactions appear to exhibit homophily along a range of dimensions. 
With respect to political homophily, the literature on affective polarization is most relevant to this study. Political parties often form along socioeconomic, cultural, and other fault-lines (Iyengar et al. 2019). As such, political parties create in-groups and out-groups, which in the United States are aligned with the two major political parties, Democrats and Republicans. Evidence suggests that, until the mid-twentieth century, individuals joined political parties based primarily on policy differences but were happy to mix socially and in work settings with out-group partisans. However, over the last several decades, a host of evidence suggests that this cross-group harmony has eroded.  This expansion of political identity and in-group/out-group bias is known as affective polarization: “the tendency of people identifying as Republicans or Democrats to view opposing partisans negatively and co-partisans positively”  (Iyengar and Westwood 2015: 691). A variety of measures of individuals’ feelings toward co-partisans and out-partisans shows that social and personal animosity toward out-partisans has nearly doubled in the past 40 years (Pew Research Center 2017).[footnoteRef:2] [2:  For a review of the measures and literature on affective polarization, see Iyengar et al. (2019).] 

Of particular relevance to this paper, partisan animus extends into social and work interactions. Out-partisans are viewed as less physically attractive (Nicholson et al. 2016); individuals are less likely date and marry out-partisans (Huber and Malhotra 2017); partisans claim in surveys to have few friends from the other political party (Pew Research Center 2017). Initial evidence suggests that economic behavior is affected by affective polarization as well. In product markets, laboratory experiments have shown that buyers are willing to pay substantially more when purchasing goods from co-partisans. In labor markets, lab experiments have shown that employees are willing to accept lower wages when working for a co-partisan employer (McConnell et al. 2018), and field experiments have shown that resumes sent to heavily Democratic (Republican) geographic areas were less likely to get interviews if they indicated a Republican (Democratic) affiliation than a Democratic (Republican) affiliation (Gift and Gift 2015). In education markets, laboratory experiments have found that while there was little racial discrimination in the way individuals granted scholarships to applicants, Democrats and Republicans selected 80 percent of co-partisans for scholarships, even though they might have lower GPAs than out-partisans (Iyengar and Westwood 2015).
Regarding the second question – does team homophily matter for innovation performance? – multiple literatures again offer some hints. As a baseline, the innovation 
literature shows that innovation teams perform better than solo scientists in terms of citations received by scientific publications and patents (Wuchty et al. 2007). Fleming et al. (2007) shows further that teams that are more diverse in their technical skills and have not worked together before are more likely to generate more creative inventions. Gender diversity has also been argued to generate better science (Neilsen et al 2017). The sociology literature has also spent significant time examining the performance of diverse teams (e.g. Mannix and Neale 2005). With respect to innovation, this literature has argued that such teams are more creative (Joshi and Roh 2009; Page 2019) but also less efficient, often not realizing the gains to diversity (Guilbeault et al. 2018) or not executing effectively.  
Few of these studies focus specifically on political rather than social diversity in an innovation setting. However, two recent studies have creatively analyzed the development of Wikipedia pages – arguably a collaborative effort in knowledge production – to explore this issue. Greenstein et al. (2016) conclude from their examination of Wikipedia entries that “collective intelligence becomes more trustworthy when mechanisms encourage confrontation between distinct viewpoints,” although they also note some evidence that inclusion of extremely biased contributors can distort this process. Similarly, Feng Shi et al. (2019) find that politically polarized teams write higher-quality Wikipedia entries than ideologically moderate teams, ostensibly because they engage in more constructive, competitive, focused, and diverse debates than ideological moderates.
Although these studies may provide indicative evidence of the benefits to political diversity on an inventor team, one empirical concern is that although the literature is highly descriptive regarding team output, teams are endogenously formed so identifying causal effects of diversity of teams on innovative output is difficult in the field.

[bookmark: Data]Data[footnoteRef:3] [3:  Described for NC only; California will be added by March, followed by Texas and Ohio; see footnote 1 on page 2.] 

Our analysis requires two core datasets. The first, obtained from the North Carolina Department of Elections and Clinton et al. (2019), contains the voting registration and voting history information of every voter in North Carolina from 2004 to 2016. There are, on average, 6 million registered voters in NC in each year of the data, resulting in more than 70 million voter-year records. These records have a substantial amount of information about each voter, including name, address, gender, race/ethnicity, year of birth, political party, and voting history. They also note whether the voter voted in each election. This dataset provides us with a comprehensive snapshot of every registered voter in North Carolina over this 13-year period. 
A second core dataset, the PATSTAT dataset (obtained from Leuven University), contains records of each inventor on each United States Patent Office (USPTO) patent application during the same time period. The dataset, cleaned by the European Patent Office with the assistance of Leuven University, includes the patent application number, inventor name(s), inventor address(es), assignee name, assignee address, technology class, whether the application was ultimately granted, etc. From this dataset, we extracted only those patents that included at least one inventor who resides in North Carolina. 
We next matched the names from the inventor dataset to their voter registration counterparts. There are many challenges to this: There are inventors who are not registered to vote because they are foreign citizens or they are citizens who choose not to register; there may be registered voters who have the same names as those in the inventor dataset but who are not actually the inventor; there may be individuals with multiple names in one or both datasets; people may use legal names in one dataset and nicknames in the other (e.g. William and Bill); the same inventor may provide one address for voter registration and a different address for patents. Needless to say, the record-matching problem here is extremely challenging.
To overcome this, we used four different approaches with multiple sensitivities for Type 1 and Type 2 error.[footnoteRef:4] Our preferred approach is to use the FastLink method developed by Enamorado et al. (2019). This approach is designed for fast computational methods for massive record linkage on names, and has been used in numerous academic studies. We provide complete details of this method in our full paper. [4:  In the full paper, we summarize the main approach with the 90 percent sensitivities for Type 1 and Type 2 error. In the robustness section of that paper, we also describe the results for other sensitivities. In the appendix of that paper, we outline our matching approach in more detail. In addition, we describe the alternative approaches and the results using those alternative approaches.] 

Some basic summary statistics
	We begin by describing a number of facts and inferences about the characteristics of inventors and their teams in North Carolina. First, approximately 62% of NC inventors are U.S. citizens. We infer this because we are able to match 52% of the inventors using the FastLink approach, and the U.S. Census, through survey data, has determined that roughly 83% of American with advanced degrees state that they are registered to vote (Census Bureau 2018). The implication that 38% of inventors in the U.S. are not U.S. citizens is broadly consistent with prior data on immigrant inventors to the U.S. Second, Republicans are over-represented among North Carolina inventors relative to the underlying distribution of voters in the state. Whereas the underlying voter registration data for 2004-2016 for the entire NC population is 45.6% Democrat, 31.9% Republican, and 22.6% Unaffiliated [i.e., registered to vote but not formally affiliated with any party], among inventors the breakdown is 26.3% Democrat, 36.5% Republican, and 37.2% Unaffiliated. Third, these inventors are politically engaged. In U.S. presidential primary elections, approximately 28.5 percent of North Carolina voters choose to vote. In our dataset, approximately 82 percent of these inventors voted in a federal election political primary in the four-year previous to the patent application being filed. 
	Fourth, there is some divergence in the technologies that Democrat and Republican inventors pursue. In the full paper we go into this in some detail; for this submission we simply note that innovation in the Cooperative Patent Classification categories of tobacco, lighting, optics, building technology, and locks/safes tend to be dominated by Republican inventors while biochemistry and organic chemistry tend to be dominated by Democratic inventors. It is not surprising that the technologies also map into firms. Corning, RJR, and RF are firms that tend to be dominated by Republican citizen-inventors in NC, while the research universities, Ericcson, Netapp, and RedHat tend to be dominated by Democratic inventors in NC. This highlights the importance of controlling for technology in our main regression results, in addition to being a really cool finding on its own. 

Method
To analyze whether there is political homophily in inventor team formation, we use all patent applications that include NC inventors where the political affiliation of all inventors can be identified. This means that all inventors on the patents in the sample frame will be U.S. citizens resident in NC. We run estimations at the level of the patent application-inventor, so that we estimate the likelihood that a co-inventor has a particular political affiliation as a function of the political affiliation of the focal inventor. Depending on the model, the dependent variable is whether the co-inventor is a Republican or the co-inventor is a Democrat . The independent variables of interest are whether the focal inventor is a Democrat or the focal inventor is a Republican; an Unaffiliated focal inventor is the omitted category. 
We include numerous control variables related to organizational characteristics and inventor demographics. Of particular note, we control for the estimated number of Democrat, Republican, and Unaffiliated citizen-inventors in each organization in a given year, to control for the risk-set of potential collaborators with particular political affiliations.  In addition, we include in some regressions firm, technology class, and year fixed effects.

Results
	We have not included any tables of results because they are extremely preliminary at this time. At a high level, we find three main patterns in the econometric results. First, a focal inventor is roughly 10% more likely to collaborate with a co-partisan than an out-partisan, leading to co-invention teams that exhibit substantially more political homophily than would be expected if inventors were politics-blind in team formation. Second, in conventional OLS estimations, politically heterogeneous teams are more successful than all-Democrat or all-Republican teams; patent applications by heterogeneous teams are roughly 2% more likely to be granted than all-Democrat applications, which in turn are 4% more likely to be granted than all-Republican applications.  Third, however, results that account for endogeneity through instrumental variable estimation indicate a different ordering of patent success, with all-Republican applications and politically heterogeneous applications slightly outperforming all-Democrat applications. Over the next several months we anticipate refining the instrumental variable estimations to obtain more precise causal estimates.
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