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Abstract
We study how political distance between places affects the mobility of skilled labor,
the diffusion of ideas, and corporate innovation. Using a county-pair-by-year panel
spanning over 20 years, we show that ideological mismatch significantly restricts the
reallocation of highly skilled labor across spatial and organizational boundaries. Specif-
ically, a one-standard-deviation increase in the difference in Republican presidential
vote shares between origin and destination counties reduces bilateral inventor flows by
17%. The effect is concentrated among cross-party county pairs and longer-distance
moves, and does not intensify during periods of heightened polarization. At the firm
level, a one-standard-deviation increase in PAC-donation-based ideological distance
implies a 62.5% decline in inter-firm inventor moves. A regression discontinuity design
based on close presidential elections reveals a pull mechanism: destination counties
narrowly electing Republicans attract fewer inventors, with no comparable origin-side
effect. The same political distance also dampens the spatial diffusion of knowledge:
a one-standard-deviation increase in county-pair political distance is associated with a
9.6% decline in bilateral patent citations. Political ideology is a friction in the realloca-
tion of skilled human capital and the idea it carries. Furthermore, we document that
this ideologically induced labor friction restricts firms from expanding into novel tech-
nological frontiers, resulting in significant declines in bilateral new technology class
entries and a reduction in overall localized patenting output. Ultimately, political ide-
ology acts as a structural friction in the reallocation of talent, imposing a real cost on
the local economy.
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1 Introduction

The 2020 U.S. presidential election underscored a pronounced spatial polarization in

American politics, characterized by a gap between the expansive geographic area carried

by Donald Trump and the highly concentrated hubs of economic activities secured by Joe

Biden. However, this geographic sorting along partisan lines extends well beyond electoral

geography. Rather, it is indicative of a systemic trend of ideological homophily. While a

growing body of evidence documents that partisan identity now shapes decisions well be-

yond the voting booth (e.g., Mian, Sufi, and Khoshkhou, 2023; Meeuwis, Parker, Schoar,

and Simester, 2022; McCartney, Orellana-li, and Zhang, 2024), its role as a structural fric-

tion in the corporate market for the economy’s most elite innovative talent remains an

open and vital question.

Recent literature establishes that political sentiment affects incumbent innovation out-

put (Engelberg et al., 2025) and that business owners exhibit profound homophily in their

baseline employment matching (Colonnelli et al., 2025). Yet, we lack an understanding

of whether political ideology impedes the geographic and organizational reallocation of

skilled labor, which is the primary channel through which tacit knowledge diffuses across

firms and regions (Singh and Agrawal, 2011; Akcigit et al., 2018; Hombert and Matray,

2017). If political polarization introduces dyadic matching frictions into this reallocation

network, the consequences extend far beyond individual career trajectories and threaten

the long-run efficiency of corporate talent allocation.

In this paper, we study whether political distance between locations impedes the flow of

high-skilled labor, utilizing the mobility of inventors across U.S. counties as our empirical

setting. We utilize a gravity model framework, combining dyadic county-pair and firm-pair

network data from 2001 to 2023. We complement this geographic analysis with a firm-pair

design using PAC-donation-based ideology scores (Bonica, 2024, 2014) to test whether

these ideological frictions operate through organizational as well as spatial channels. We

then extend the analysis beyond inventor mobility to capture the real economic losses

of this friction, examining its impact on bilateral patent citations, the adoption of novel
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technologies, and overall patenting output.

Our baseline results show a negative relationship between political distance and in-

ventor mobility. We find that a one-standard-deviation increase in county-pair political

distance reduces inventor moves by approximately 17% in a fully saturated specification.

Transitioning the analysis to the firm level shows that a one-standard-deviation increase

in PAC-donation-based CFscore distance implies a 62.5% decline in inter-firm inventor

moves.

Second, we explore geographic proximity. When we interact political distance with

indicators for neighboring-state and within-state county pairs, we find that geographical

proximity partially neutralizes the political friction: the net effect of political distance is

statistically zero among neighboring-state pairs, while it remains significant for longer-

distance, cross-state moves. This pattern is consistent with political ideology mattering

most when the baseline cost of relocation is nontrivial—precisely the margin at which

place-based amenities and social environment are likely to weigh most heavily in the des-

tination.

Third, we split the sample by the partisan alignment of county pairs. Among county

pairs that share the same party, the coefficient on political distance is negative but insignif-

icant. Among county pairs on opposite sides of the partisan divide, however, the effect is

large and highly significant. This result is intuitive. When both counties lean toward the

same party, marginal differences in vote share may carry limited social meaning. When

the pair spans opposing partisan environments, larger political gaps likely capture a more

salient mismatch in local norms, media climate, and expected social fit.

A natural concern with the baseline panel results is that unobserved time-varying fac-

tors may simultaneously drive both political distance and inventor mobility. County-pair

fixed effects absorb all time-invariant bilateral confounders, but they cannot rule out time-

varying omitted variables. To address this concern, we implement a regression discontinu-

ity design (RDD) based on close county-level presidential elections from 2004 to 2020. The

identifying assumption, formalized by Lee (2008), is that counties in which the Republican
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candidate barely wins are comparable in expectation to counties in which the Republican

candidate barely loses, so that any discrete change in inventor flows at the zero-margin

cutoff can be attributed to the realized political shock. Covariate balance tests confirm

that counties on either side of the cutoff are statistically indistinguishable. A McCrary

(2008) density plot also confirms that the voting share margin has no manipulation of

selection into either side of the cutoff.

The RDD results reveal an economically informative asymmetry. When we assign the

close-election treatment to the destination county, we find that counties that narrowly

elect the Republican candidate subsequently attract significantly fewer inventors, with the

effect sharpening as the bandwidth narrows. In contrast, the origin-county design pro-

duces uniformly insignificant coefficients. This pattern—strong destination-side effects,

null origin-side effects—suggests a pull mechanism in which inventors respond to the ide-

ological environment of the place they would move into, rather than being pushed out of

their current location. Political ideology thus appears to enter the relocation decision as a

nonpecuniary cost of destination attractiveness.

Next, we extend the analysis to the diffusion of ideas themselves. Following Peri

(2005), we construct a directed county-pair-by-technology-class-by-year panel of forward

patent citations and ask whether politically distant counties exchange fewer ideas. The

estimated effect is negative, statistically significant, and economically meaningful: a one-

standard-deviation increase in county-pair political distance is associated with roughly

a 9.6% decline in bilateral patent citations, a result that survives the inclusion of origin-

county-by-technology, destination-county-by-technology, and technology-class-by-year fixed

effects. Because inventor mobility is itself a primary carrier of tacit knowledge across re-

gions (Singh and Agrawal, 2011; Akcigit et al., 2018), this citation result is the natural

downstream counterpart of our mobility findings: political distance does not only impede

the movement of the people who carry ideas, but it also impedes the movement of the

ideas themselves. Furthermore, we document that this breakdown in knowledge diffusion

is exacerbated when citations attempt to cross political party lines, capturing ideological

3



frictions at the technology-class level.

Finally, we show that this ideologically induced labor friction translates into real conse-

quences for corporate innovation. First, we document a significant decline in bilateral

new technology class entries, indicating that political distance starves locations of the

cross-pollinating talent required to expand into novel technological frontiers. Second, we

show that a destination’s aggregate weighted political exposure directly reduces its over-

all patenting output. By demonstrating how political distances impact inventor flows and

ultimately diminish technological adoption and patent production, we show that partisan

polarization posts a real cost on the local economy.

This paper contributes to several strands of literature. Most directly, it extends the

rapidly growing body of work on how political partisanship shapes economic outcomes.

Existing research has documented partisan effects on household financial decisions (Meeuwis

et al., 2022; McCartney et al., 2024; Pan et al., 2023), professional credit ratings (Kempf

and Tsoutsoura, 2021), corporate political participation, leadership changes and broad

hiring practices (Colonnelli et al., 2025; Hassan et al., 2019; Fos et al., 2022), innovation

activity (Engelberg, Lu, Mullins, and Townsend, 2025), and within-firm inventor collabo-

ration (Henriksson and Rice, 2024). While prior work demonstrates how politics affects

incumbent productivity or general baseline employment, we show that ideological mis-

match creates a matching friction in the cross-firm and cross-regional market for elite,

innovative talent, which also shapes knowledge diffusion and corporate technology adop-

tion.

Second, we contribute to the innovation geography literature that studies how knowl-

edge flows across space. Since Jaffe et al. (1993), a substantial body of evidence has linked

inventor mobility to knowledge spillovers and patent citation flows (Singh and Agrawal,

2011; Akcigit, Caicedo, Miguelez, Stantcheva, and Sterzi, 2018). Our findings identify a

novel friction, political ideology, that impedes this mobility, complementing existing work

on the roles of geographic distance, noncompete enforcement (Marx, Strumsky, and Flem-

ing, 2009; Jeffers, 2024), and housing costs (Hsieh and Moretti, 2019) in shaping the
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allocation of innovative labor. By documenting that political distance also dampens bilat-

eral citation flows between counties, we further show that this friction reaches beyond the

labor market for inventors into the spatial diffusion of the knowledge they produce. We

find that this knowledge diffusion is particularly hindered when citations attempt to cross

political party lines. Moreover, we show that this ideological friction translates into real

technological deficits: firms and counties isolated by political distance experience signifi-

cant declines in new technology class entries, effectively starving them of novel innovation.

Third, our paper speaks to the broader literature on political polarization and its real

economic consequences. While much of this literature has focused on aggregate consump-

tion, investment, and trade (Mian, Sufi, and Khoshkhou, 2023; Autor, Dorn, Hanson, and

Majlesi, 2020), we document that polarization also affects the labor market for the econ-

omy’s most specialized workers. The pull-side mechanism uncovered by our RDD, where

destination political environment deters inventor inflows, suggests that polarization im-

poses a non-pecuniary tax on destination attractiveness, potentially reinforcing geographic

clustering of talent along partisan lines. Ultimately, this spatial clustering carries severe

aggregate consequences for local economies and corporate productivity. We document a

substantial decline in overall patent output for counties exposed to higher weighted polit-

ical distance.

2 Data

This section describes the construction of the main variables and the structure of the es-

timation sample. We organize the discussion around the two core measures—county-pair

inventor flows and county-pair political distance—before turning to summary statistics and

control variables.
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2.1 County-Pair Inventor Flows

Our unit of observation is an ordered county pair by year. For every origin county o and

destination county d, we record the number of inventors who relocate from o to d in

year t. Using Patentsview pre-grant datasets, we identify an inventor’s origin county in a

given year as the county of the company where the inventor applies the largest number of

patents in that year. We identify a county as the inventor’s destination county if the county

of the company changes in a certain year. Then, we pair the destination county with

the origin county that is the last immediate county associated with the inventor. Because

our interest lies in the bilateral flow between specific origin-destination pairs, we retain

observations in which no inventor move occurs in a given year. The resulting sample is

therefore a balanced county-pair-year panel spanning 2001 to 2023, containing 897,190

observations, with 1,629 unique origin counties and 1,675 unique destination counties.

The decision to preserve zero-flow observations is central to the empirical design. The

economic question is not limited to the volume of inventor exchanges conditional on pos-

itive mobility; it also encompasses whether political distance deters movement from oc-

curring at all. Dropping zeros would condition on positive matches and shift the estimand

toward an intensive-margin effect, altering the economic interpretation of the coefficients.

Retaining them ensures that the extensive margin—whether any inventor relocates be-

tween a given county pair in a given year—remains part of the identifying variation.1

The distributional properties of the dependent variable are important for the choice of

estimator. County-pair inventor moves have a mean of 0.354 and a standard deviation of

6.102. The distribution is heavily right-skewed: the median and the 75th percentile are

both zero, and even the 99th percentile is only five. These moments indicate that inventor

mobility is sparse and concentrated in a small number of county pairs, with a large mass

at zero and a long right tail. This feature of the data motivates our use of the Poisson

pseudo-maximum likelihood (PPML) estimator throughout the paper (Cohn et al., 2022).

1Not retaining the zero-flow cells and exploring the intensive margin conditional on a already-happened
move yields qualitatively similar results, though this is a substantially different research question.
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Unlike log-linear alternatives, PPML naturally accommodates the count nature of the out-

come without requiring arbitrary transformations of the dependent variable, preserves the

balanced-panel structure, and yields estimates that are interpretable in proportional terms.

2.2 County-Pair Political Distance

We follow Pan, Pikulina, Siegel, and Wang (2023) to construct our main independent vari-

able, county-pair political distance. It is defined as the absolute difference in Republican

vote shares between the origin and destination counties in the most recent presidential

election. The absolute-value construction is able to capture the distance between political

environments that impedes mobility. We obtain presidential election voting data from MIT

Election Lab. Formally, for county pair (o, d) observed in year t, we define its one-year

lagged political distance as:

PoliticalDistanceod,t−1 = |RepublicanV otingShareo,e −RepublicanV otingShared,e| (1)

where e denotes the last recent presidential election as of year t − 1. This measure is

bilateral by construction: it captures the ideological gap an inventor would face when

considering a move from one county to another, rather than the partisan leaning of any

single county in the pair. It is continuous, allowing us to exploit variation along the full

spectrum of ideological mismatch rather than relying solely on discrete partisan categories.

The measure updates every four years with each presidential election cycle and is lagged

one year relative to the observed inventor flows, ensuring that the political environment is

predetermined with respect to the mobility outcome.

We complement this continuous measure with two discrete political indicators to con-

trol for broader county political preferences. Misaligned county pair equals one when the

origin and destination counties supported different parties in the most recent presidential

election. RtoR equals one when both counties are Republican-leaning.
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2.3 Samples for the Implication Tests

The implication analyses in Section 5 draw on three additional samples that share our

political-distance measure and bilateral structure but differ in unit of observation. For

knowledge flows, we build a directed county-pair-by-technology-class-by-year panel of for-

ward citations among over two million U.S. utility patents (2001–2023), assigning each

patent to its lead inventor’s county and to the modal CPC class of the cited patent (Peri,

2005); we augment it with class-pair political distance, the absolute gap in net-Democratic

inventor share between the citing and cited CPC three-digit classes (Engelberg et al.,

2025). For technological diversification, a county-pair-by-year panel counts the distinct

classes a destination county newly enters—no filing over a trailing three-year window—

that the origin county already held. For aggregate output, we form a destination-county-

by-year weighted political exposure, an inverse-distance- or headcount-weighted average of

a county’s political distance to every other inventor-producing county, with weights frozen

at a pre-sample baseline so that only election-driven variation remains (Section 5.3). As

in the mobility sample, we retain zero-flow cells throughout.

2.4 Firm-Level Ideological Distance

For the firm-level tests in Section 3.2, we measure ideological distance between the origin

and destination firm of an inventor move using PAC-donation records from Bonica (2024,

2014). cfscore-distance is the absolute difference in the two firms’ contribution-finance

ideology scores on the liberal–conservative scale, while Republican donation difference is

the absolute difference in the share of PAC contributions each firm directs to Republican

candidates. The cfscore captures a firm’s overall ideological position and is time-invariant,

whereas the donation-share measure is a more direct, time-varying proxy for partisan

giving. The firm-pair panel follows the same bilateral, zero-retaining structure as the

county-pair sample.
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2.5 Summary Statistics and Control Variables

Table 1 reports summary statistics for the estimation sample. Panel A describes the main

variables at the county-pair-by-year level. County-pair inventor moves have a mean of

0.354, confirming the sparsity of bilateral inventor flows: the typical county pair records

no inventor exchange in a given year. County-pair political distance has a mean of 0.147

and a standard deviation of 0.117, with the interquartile range spanning 0.053 to 0.216.

This large variation provides meaningful statistical power for our identification. The mean

of Misaligned county pair is 0.442, indicating that roughly 44% of county-pair-year obser-

vations connect counties on opposite sides of the partisan divide, while the mean of R to

R is 0.144.

Panel A also reports the two auxiliary political-distance measures introduced in sub-

section 2.3. Class-pair political distance has a mean of 0.081 and a standard deviation of

0.116 across the citing–cited class pairs, and the two weighted political-exposure measures

average 0.206 (raw) and 0.191 (geographic-distance-discounted) across the destination-

county-year sample, with the discounted measure the tighter of the two.

Panel B reports the underlying county-level Republican vote shares. The mean Repub-

lican share is 0.572 in origin counties and 0.573 in destination counties, with very similar

standard deviations. This symmetry is important: the explanatory variation does not arise

mechanically from one side of the mobility market being systematically more Republican

than the other, but from pairwise differences that shift across election cycles.

Panel C restricts attention to county-pair-year observations with positive inventor flows.

Conditional on at least one inventor moving, the mean flow rises to 3.196 with a standard

deviation of 18.091, confirming the lumpy, heavy-tailed nature of inventor mobility. The

mean political distance among positive-flow observations is 0.134, slightly below the un-

conditional mean of 0.147—consistent with the hypothesis that politically closer county

pairs exchange more inventors.

Panel D summarizes the firm-level sample used in Section 3.2. Firm-pair inventor

moves are even sparser than county-pair moves, averaging 0.191 in the full sample and
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2.849 conditional on positive flows. cfscore-distance has a mean of 0.247 (SD 0.331) and

Republican donation difference a mean of 0.215 (SD 0.267); 27.1% of firm pairs are polit-

ically misaligned and 52.5% are R-to-R pairs. As in the county-pair data, political distance

is lower among positive-flow observations (0.208 for cfscore-distance, 0.189 for dona-

tion difference), consistent with more inventor exchange between ideologically proximate

firms.

The baseline regressions include a set of time-varying bilateral economic controls, each

constructed as the absolute difference between the origin and destination county. Zil-

low House value index captures differences in housing costs, a first-order component of

moving costs (Hsieh and Moretti, 2019). Unemployment rate proxies for differences in

local labor-market slack. GDP growth captures short-run economic dynamism differen-

tials. Economic Policy Uncertainty (EPU), measured at the state-by-month level (Baker

et al., 2016), accounts for divergent policy environments. Geographic distance captures

the invariant physical difference across counties. Together, these controls address the con-

cern that county-pair political distance may be correlated with both time-invariant and

time-varying economic divergence between counties.

3 Results

3.1 County-Level Results

To study how political distance affects inventor moves, we estimate the following county-

pair-by-year regression:

E[Inventor Movesodt] = exp(βPolitical Distanceod,t−1 + Γ′Xod,t−1 + αot + γdt + ϵodt) (2)

where o indexes origin counties, d indexes destination counties, and t indexes years. Our

main dependent variable, InventorMoves, is the total number of inventors who move from

origin county o to destination county d in year t. Since inventor moves are count data,
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highly skewed, and contain zeros, we follow Cohn, Liu, and Wardlaw (2022) and estimate

a Poisson model, which generates more consistent and efficient estimates than ordinary

least squares.2 The primary variable of interest, PoliticalDistance, measures the political

similarity between the origin and destination counties in each county pair od in year t− 1,

based on the most recent presidential election vote shares. The vector Γ′Xodt controls

for the absolute differences in a set of time-varying and fixed characteristics between the

two counties in the pair, including geographic distance, unemployment rates, state-level

economic policy uncertainty index (EPU) as a proxy for economic conditions, GDP growth

rate, and Zillow House Value Index (HVI) as a proxy for moving costs. We also control

for whether the county pair is politically misaligned and whether both counties in the

pair are both Republican leaning, based on the most recent presidential election results.

Our analysis begins with origin-county, destination-county, and year fixed effect to control

for invariant county characteristics and general time trends. To stress test the analysis,

we also include origin-county-by-year fixed effects (αot) and destination-county-by-year

fixed effects (γdt). The origin-by-year fixed effects absorb any time-varying determinant

of an origin county’s overall propensity to send inventors in a given year, including local

labor-market conditions, economic shocks, and shifting amenities. The destination-by-year

fixed effects provide the analogous absorption on the receiving side. This interactive fixed-

effect structure also subsumes standard year fixed effects, so common macroeconomic

and labor-allocation trends are netted out as well. The coefficient on political distance

is therefore identified from variation across county pairs that share the same origin-year

and destination-year cells. In other words, identification comes from comparing how a

given origin’s outflows and a given destination’s inflows vary with political distance to the

counties on the other side of the pair. Standard errors are double-clustered by origin county

and destination county, allowing for arbitrary correlation in unobserved shocks among

all county pairs that share a common origin and among all pairs that share a common

destination.
2We report the estimation results using the Poisson pseudo-maximum likelihood regression model

throughout the entire paper, unless otherwise noted.

11



Table 2 presents the baseline estimates of the relation between county-pair political

distance and inventor mobility. In column 1, the univariate specification shows a strong

negative association between political distance and inventor moves. This relation remains

negative and highly significant after we add the full set of county-pair controls and clus-

ter standard errors in columns 2 and 3. In column 4, the estimate remains significantly

negative after controlling for general time trends and fixed origin- and destination-county

characteristics. Column 5 presents our most demanding specification, where we include

origin-county-by-year and destination-county-by-year fixed effects, which absorb any time-

varying shock specific to an origin county or a destination county in a given year. The

coefficient on political distance in column 5 remains significantly negative.

The effect of political distance on inventor moves is also economically meaningful.

Based on the coefficient on political distance in column 5 of Table 2, a one-standard-

deviation increase in county-pair political distance leads to a 17% decline in county-pair

inventor moves.3

The other coefficients in Table 2 are informative as well. In the less demanding spec-

ifications, misaligned county pairs, R-to-R pairs, and several bilateral economic controls

are strongly significant. As the fixed-effect structure becomes tighter in columns 4 and 5,

the significance pattern of these controls changes. Some coefficients attenuate as the in-

teractive fixed effects absorb the variation they previously captured, while others become

sharper, and the R-to-R indicator drops out once origin-by-year and destination-by-year

fixed effects are included. Across all specifications, however, county-pair political dis-

tance remains significantly negative. The fact that it survives even the saturated specifica-

tion—which nets out all time-varying origin- and destination-specific conditions—suggests

that ideological mismatch between specific county pairs predicts inventor mobility above

and beyond economic factors operating at the level of a single county in a given year.

Finally, the clustering strategy is important. Inventor flows have a directed dyadic

structure, in which each origin county and each destination county appears in many pairs.

3-17%=exp(−1.59× 0.117)− 1, where 0.117 is the standard deviation of political distance from Table 1,
and -1.59 is the coefficient in column 5 of Table 2
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A shock to an origin county—a plant closure or a change in state policy, for example—can

correlate the error terms of all pairs that share that origin. The same logic applies to shocks

to a destination county. Double clustering by origin county and destination county allows

for arbitrary correlation along both of these margins.4

Overall, Table 2 provides the core evidence of the paper: inventors move less across

politically distant county pairs, and this conclusion survives increasingly demanding con-

trols for economic differences, saturated origin- and destination-by-year fixed effects, and

conservative two-way clustered inference.

3.2 Firm-Level Results

Table 3 moves the analysis from geography to patenting firms. The motivation is straight-

forward. If the mechanism truly reflects ideological mismatch, then the effect should not

disappear when political distance is measured at the firm level rather than at the county

level. To test this idea, we construct two firm-pair measures of political distance using

firms’ PAC-donation records. The first measure, cfscore-distance, is the absolute difference

between the origin and destination firm’s PAC-donation-based contribution finance ide-

ology scores (cfscore) from Bonica (2024).5 The second measure, Republican donation

difference, is the absolute difference between the origin and destination firm’s fraction of

PAC contributions to Republican candidates. The cfscore-based measure captures overall

ideological distance on a continuous liberal-conservative scale, while the donation-share

measure provides a more direct proxy for partisan distance in observed political giving.

Panel D of Table 1 shows that the firm-pair outcome is also sparse. The mean number

of firm-pair inventor moves is 0.191 in the full sample and 2.849 conditional on positive

flows. The mean cfscore-distance is 0.247 in the full sample and 0.208 among positive-

flow observations. The mean Republican donation difference is 0.215 in the full sample
4The sharp drop in the t-statistic on political distance between columns 2 and 3, where clustering is

introduced, illustrates why two-way clustering matters in our setting.
5cfscore is a political ideology score that measures the targets’ ideological leaning on the liberal-

conservative scale estimated using their entire political donation records. Readers interested in the detailed
construction of this measure are referred to Bonica (2014).
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and 0.189 among positive-flow observations.6 The panel also shows that 27.1% of firm

pairs are politically misaligned, while 52.5% are classified as R-to-R pairs. The sample

period spans from 2001 to 2023 and follows the same bilateral sample structure as the

county-pair tests.

Table 3 reports the regression results. Columns 1 and 2 use Republican donation differ-

ence as the main independent variable. Column 1 includes origin-firm, destination-firm,

and year fixed effects. The coefficient is −1.959 and statistically significant at 1% level.

Column 2 replaces these additive fixed effects with origin-firm-by-year and destination-

firm-by-year fixed effects, which absorb time-varying shocks specific to each sending and

receiving firm. The coefficient becomes −2.721 and remains highly significant. Columns

3 and 4 repeat the exercise using cfscore-distance. The coefficient is −3.153 in Column 3

with origin-firm, destination-firm, and year fixed effects, and −2.964 in Column 4 with

origin-firm-by-year and destination-firm-by-year fixed effects. Both estimates are statis-

tically significant at 1% level. Standard errors are double-clustered by origin firm and

destination firm.

The fixed-effect structure in Columns 2 and 4 is especially demanding. It absorbs not

only persistent differences across origin and destination firms, but also time-varying firm-

level shocks—such as changes in patenting intensity, R&D activity, or hiring scale—that

could simultaneously affect inventor flows and the firm’s political environment. The esti-

mates are therefore identified from bilateral variation across firm pairs after netting out

time-varying origin- and destination-firm heterogeneity, substantially reducing concerns

that the result merely reflects stable differences in firm type or contemporaneous shocks

at either end of the firm pair.

The economic magnitudes are meaningful. Using the standard deviation of Republican

donation difference from Panel D of Table 1, the Column 2 estimate implies that a one-

standard-deviation increase in Republican donation difference is associated with roughly

6One weakness of cfscore to proxy for a firm’s political stance is that it does not vary over time, since it is
calculated using each firm’s entire contribution records.
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a 51.6% decline in inventor moves between the firm pair.7 Using the standard deviation

of cfscore-distance, the Column 4 estimate implies that a one-standard-deviation increase

in firm-pair ideological distance is associated with roughly a 62.5% decline in inventor

moves.8 These magnitudes are sizeable and substantially larger than the county-pair esti-

mate. One plausible interpretation is that firm-level political leaning is a more direct and

relevant measure of the ideological environment an inventor would face in the workplace.

Counties capture the broader social and political context of place, whereas firms’ political

giving and cfscore are more closely tied to the organization’s own political identity.

This firm-level exercise is important for the paper’s contribution because it shows that

the political-distance effect is not solely a story about counties. Across two distinct mea-

sures of firm-pair political distance, inventors move less between politically distant firms

even after absorbing time-varying origin- and destination-firm heterogeneity. This result

strengthens the argument that ideology affects the mobility of innovative labor through

both place-based and firm-based channels.

4 Identification Strategy and Economic Mechanism

4.1 Identification via the Within-State Moves

Our baseline estimation documents a robust negative association between political dis-

tance and bilateral inventor flows, but two plausible alternative interpretations remain.

First, political distance may proxy for unobserved geographic, cultural, or economic dis-

tance: counties that drift apart politically may also diverge along other dimensions—climate,

demographics, or industrial composition—that independently reduce mobility between

them. Second, state-level institutional frictions known to shape inventor mobility and

yet hard to be controlled for, including non-compete enforceability (Marx et al., 2009),

7exp(−2.721 × 0.267) − 1 ≈ −51.6%, where 0.267 is the standard deviation of Republican donation
difference and −2.721 is the coefficient from Column 2 of Table 3.

8exp(−2.964 × 0.331) − 1 ≈ −62.5%, where 0.331 is the standard deviation of firm-pair cfscore-distance
and −2.964 is the coefficient from Column 4 of Table 3.
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state tax regimes, professional licensure, and state employment law, may vary jointly with

political environments and could therefore drive the apparent friction we attribute to po-

litical distance itself. We address both concerns through two complementary identification

strategies. This subsection decomposes the friction by the geographic structure of the

move, isolating an estimate identified entirely from within-state variation that holds state-

level institutional environments fixed. subsection 4.2 complements this analysis with a

regression discontinuity design around close Presidential county-level elections.

We partition directed county pairs into three mutually exclusive groups based on the ge-

ographic character of the move: pairs within the same state (Withinod = 1), pairs in differ-

ent but neighboring states (Neighborod = 1 & Withinod = 0), and pairs in non-neighboring

states, which form the omitted base group, Far = (Neighborod = 0 & Withinod = 0). We

then estimate a single PPML specification that fully saturates the political-distance slope

across these three groups:9

E[InventorMovesodt] = exp
(
β1Withinod + β2Neighborod + β3ABScountyPolDistodt−1+

β4

(
Withinod × ABScountyPolDistodt−1

)
+

β5

(
Neighborod × ABScountyPolDistodt−1

)
+ Γ′Xodt−1 + αo + γd + δt + ϵodt

)
(3)

where Xodt−1 is the same vector of controls used in our baseline specification, and αo,

γd, and δt are origin-county, destination-county, and year fixed effects. Standard errors

are double clustered by origin and destination county. The three group-specific semi-

elasticities of inventor flows with respect to political distance are recovered as βfar = β3 for

non-neighboring pairs, βneighbor = β3 + β5 for neighboring pairs, and βwithin = β3 + β4 for

within-state pairs.10

Table 4 reports the results. The pattern is sharp. For non-neighboring out-of-state pairs,

9This saturated model makes sense as the omitted interaction term β
(
Withinod × Neighborod ×

ABScountyPolDistodt
)

is mechanically dropped as there are no observations for Neighborod =
1 & Withinod = 1.

10We conduct the linear combination of parameter test with the same standard error clustering level to
confirm the statistical power below.
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the coefficient is negative and highly significant at the 1% level. The economic magnitude

is also nontrivial. A one-standard-deviation increase in political distance reduces bilateral

inventor flows by approximately 12.5%.11 For pairs in neighboring states, the friction is

statistically and economically indistinguishable from zero (β̂neighbor = +0.223, t = 0.61).

For within-state cross-county pairs, the friction is stronger in both statistical and economic

terms: the coefficient β̂within is −4.98 and significant at the 1% level, and a one-standard-

deviation increase in political distance reduces flows by approximately 44%. This effect is

much larger than the corresponding effect for moves between non-neighboring out-of-state

pairs.12

This decomposition serves two distinct identification purposes. First, the economic

magnitude of three subgroups of moves mitigates the omitted variable concern. Under a

confounding interpretation in which political distance proxies for unobserved geographic,

cultural, or economic distance, the estimated friction should scale with distance: it should

be small for proximate moves and large for distant moves. The results deliver the opposite.

The within-state estimate—where geographic distance is smallest and the state-level insti-

tutional environment is held constant—delivers the largest impact, while the neighboring-

state estimate is statistically zero. This pattern rules out a broad class of confounding

stories in which political distance proxies for the geographic, cultural, demographic, or

economic differences.

Second, the within-state estimate provides a coefficient on political distance that is

purged of state-level institutional confounds. Within-state moves hold constant non-compete

enforceability, state tax regimes, state employment law, professional licensure, federal ju-

risdictional boundaries, and state-level political institutions—the full set of state-level fric-

tions documented in the labor-mobility literature to affect inventor relocation. Variation

in political distance across same-state county pairs therefore reflects fine-grained local cul-

11The coefficient of β̂far is −1.14. The standard deviation of county-pair political distance is 0.117 from
Table 1. 12.5% = exp(−1.14× 0.117)− 1

12The coefficient of β̂within is −4.98. The standard deviation of county-pair political distance is 0.117 from
Table 1. 44% = exp(−4.98× 0.117)− 1
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tural and political differences rather than institutional differences between states. The

within-state coefficient of β̂within = −4.98 is therefore the cleanest estimate of the polit-

ical channel in our data, identified entirely from variation that no existing institutional

mobility friction can explain. We view it as the central identification result of this pa-

per: the political-distance friction survives—and indeed intensifies—precisely when every

state-level alternative explanation is shut down by construction.

The proximity decomposition addresses time-invariant institutional and geographic

confounders, but it cannot rule out time-varying unobserved heterogeneity that may cor-

relate with political distance trajectories. We therefore complement this evidence with a

regression discontinuity design that exploits plausibly random local political shocks from

close county-level presidential elections.

4.2 Regression Discontinuity Design

Our baseline county-pair regressions document a robust negative association between po-

litical distance and inventor mobility, but a natural concern is that unobserved time-varying

county-pair variables may simultaneously affect both political distance and bilateral in-

ventor flows. For example, places that become politically more distant may also diverge

along social, cultural, or economic dimensions that independently reduce bilateral mobil-

ity. While county-pair fixed effects absorb all time-invariant sources of such heterogeneity,

they cannot rule out time-varying omitted factors that move jointly with political distance

and inventor flows.

The ideal experiment for establishing causality would randomly assign political envi-

ronments to counties and observe the resulting changes in inventor mobility. Because

political outcomes are endogenous in practice, we complement our panel analysis with a

regression discontinuity design (RDD) based on close county-level presidential elections

from 2004 to 2020, covering five elections. The basic idea, formalized by Lee (2008), is

that in elections decided by a narrow margin, the electoral outcome contains a meaning-

ful component of randomness. Counties in which the Republican candidate barely wins
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should be comparable in expectation to counties in which the Republican candidate barely

loses, so that any discrete change in inventor mobility at the zero-margin cutoff can be

attributed to the realized political shock rather than to preexisting differences between

counties.

The identifying assumption—standard continuity of potential outcomes through the

zero-margin cutoff (Lee, 2008; Lee and Lemieux, 2010)—is most plausible when the com-

parison is restricted to counties with nearly indistinguishable election outcomes. As Akey

(2015) notes in the context of close congressional elections, as long as agents cannot pre-

cisely determine the outcome in advance, the RDD captures a local average treatment

effect that is plausibly free of omitted-variable confounds. In our setting, this means that

counties barely electing Republicans and counties barely electing Democrats should not

differ discontinuously in other determinants of inventor flows at the cutoff. Eggers, Fowler,

Hainmueller, Hall, and Snyder (2015) examine the validity of close-election RDDs across

more than 40,000 races and find no systematic evidence of sorting or covariate imbalance

around electoral thresholds, further supporting this assumption.

To formally verify the absence of sorting in our sample, we apply McCrary (2008)’s

density test for manipulation of the voting share margin, the running variable, at the cutoff.

We also plot the voting share margin against its density in Figure 1 to examine whether

the density is smooth through the cutoff. The test yields a p-value of 0.166, suggesting that

there is no manipulated selection into either side of the threshold. Visual inspection of

the density plot in Figure 1 confirms this statistical finding, showing a smooth distribution

across the cutoff.

Our implementation proceeds as follows. The running variable is the county-level

presidential election margin, defined as the Republican candidate’s vote share minus the

Democratic candidate’s vote share, with the cutoff equal to zero. The treatment indicator,

CloseRWind,e, equals one when the Republican candidate wins election e in county d and

zero otherwise. Consistent with our baseline specification, the close-election treatment is

assigned based on the most recently completed election as of year t− 1, ensuring that the
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political shock is predetermined relative to the year in which inventor moves are observed.

Following Akey (2015), we estimate the RDD across alternative narrow bandwidths, 0.05

and 0.02, around the zero-margin cutoff, where the identifying assumption is most plausi-

ble. Panel A of Table 5 reports the distribution of election events by winning margin and

confirms that, within each bandwidth, the sample is roughly balanced between Republican

and Democratic wins—a pattern consistent with quasi-random assignment near the cutoff.

This RDD design is especially useful in our setting because it allows us to separate two

economically distinct channels. When we assign the close-election treatment to the desti-

nation county, we test whether a county that narrowly becomes more Republican attracts

fewer inventors from elsewhere—a pull-side mechanism in which the political environ-

ment of the destination becomes less attractive to potential movers. When we assign the

treatment to the origin county, we test whether inventors are pushed out of counties that

barely elect one party rather than the other—a push-side mechanism operating through the

political environment the inventor leaves behind. If the mobility friction operates primarily

through destination attractiveness, we should observe stronger effects in the destination-

county RDD than in the origin-county RDD.

For the destination-county design, we estimate:

E[InventorMovesode] = exp( βClose R Wind,e + f(Margind,e)+

Close R Wind,e × g(Margind,e) + Γ′Xode + δe + ϵode ) (4)

where o indexes origin counties, d indexes destination counties, and e indexes election

years. Margind,e is the running variable for destination county d in election e, and f(·) is

a flexible control function of the margin.13 δe denotes election year fixed effects, since our

test involves multiple election events. To accommodate the count nature of the dependent

variable, the model is estimated using a Poisson regression model. Following Bertrand,

Duflo, and Mullainathan (2004), who argue that clustering should be done by the unit of

13In Table 5, we use first order linear control function. Results are similar if using a quadratic control
function.
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observation of the main explanatory variable, we cluster the standard errors at the ori-

gin/destination county level. For the origin-county design, the specification is analogous,

replacing destination-county variables with origin-county variables.

Panel A of Table 5 presents summary statistics of election events across different band-

width choices. While the full sample contains significantly more Republican-winning coun-

ties than Democratic-winning counties, narrowing the bandwidth around the zero cutoff

yields a roughly even distribution of outcomes, supporting the comparability of the local

sample.14

As formalized by Lee (2008), the causal interpretation of an RDD requires that there

be no observable differences between treated and control units around the discontinuity.

We test this assumption in Panels B and C of Table 5, which compare key economic con-

ditions between counties where the Republican candidate narrowly won and lost within

a 5% winning-margin bandwidth. Panel B focuses on destination counties. Across all

four covariates—EPU, unemployment rate, GDP growth, and house value index—the dif-

ferences between winning and losing counties are small in magnitude, and none of the

robust t-statistics exceed conventional significance thresholds. Panel C repeats this exer-

cise for origin counties and produces a similarly reassuring pattern: the differences are

economically negligible and statistically insignificant across all four variables. While fail-

ing to reject the null hypothesis of no difference is not conclusive, these results suggest that

counties on either side of the election cutoff are highly comparable along the observable

economic dimensions most likely to independently affect inventor mobility, validating the

close-election RDD as a source of plausibly exogenous variation in local political environ-

ments.

Panel D of Table 5 reports the estimation results using Equation 4. In the destination-

county design, columns 1–4, the coefficient on Close R Win is small and insignificant

in the full sample of all elections, but becomes sharply negative and statistically signifi-

14This link talks about how the Democratic Party dominates much less but much more densely populated
counties. For example, in 2020, Donald Trump won 2,548 of the roughly 2,960 smaller, less-populated
counties, while Joe Biden won only 126 of the top 151 most populous “vote-rich” counties.
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cant when the sample is restricted to narrow bandwidths around the cutoff. Across band-

widths from 0.05 down to 0.02, the treatment coefficients remain consistently negative

and significant, indicating that a close Republican victory deters inventor inflows into the

destination county. In contrast, the origin-county design, columns 5–8, yields uniformly

insignificant coefficients across all bandwidths. This pattern—strong destination-side ef-

fects coupled with null origin-side effects—is consistent with a pull mechanism rather

than a push mechanism. On the one hand, when a destination county narrowly elects a

Republican candidate, potential movers become less willing to relocate there, indicating a

response to the ideological environment of the place they would move into. On the other

hand, the absence of a comparable origin-side discontinuity suggests that close election

outcomes do not appear to push inventors out of their current counties.

Overall, the RDD results complement our baseline findings by exploiting plausibly

quasi-random variation from close elections, alleviating the concern that the negative asso-

ciation between political distance and inventor mobility is driven by time-varying omitted

factors. Furthermore, the RDD uncovers an economically informative asymmetry: the ef-

fect operates primarily through the destination side, with inventors becoming less willing

to move into counties that narrowly elect Republican candidates. The absence of a com-

parable origin-side effect suggests that political ideology enters the relocation decision as

a friction on destination attractiveness rather than as a force pushing inventors out of

their current locations. This pull-dominated pattern is consistent with ideology acting as a

non-pecuniary cost in the relocation decision of high-skilled labor.

5 Implications of Political Distance

5.1 Knowledge Flows

The preceding sections establish that political distance acts as a friction in the bilateral

reallocation of inventive talent across counties and firms. The economic importance of

this friction ultimately depends on how inventor mobility contributes to the diffusion of
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knowledge. A long tradition in the economics of innovation, beginning with Jaffe, Trajten-

berg, and Henderson (1993), treats the movement of skilled human capital as a primary

channel through which tacit knowledge diffuses across regions. Subsequent work has for-

malized the role of inventor mobility in transmitting ideas across firms and places (Singh

and Agrawal, 2011; Akcigit et al., 2018). Knowledge diffusion, however, is not confined to

physical relocation alone. Patent citations capture broader channels of idea transmission,

such as professional networks, cross-regional collaboration, and informal learning, that

can operate even in the absence of inventor mobility (Agrawal et al., 2011; Singh, 2005).

If political distance hinders these interactions in addition to migration decisions, polit-

ically distant counties should exchange fewer ideas than would be predicted by reduced

mobility alone. We bring this prediction to the data using patent citation flows, a standard

empirical proxy for cross-region knowledge spillovers (Jaffe et al., 1993; Peri, 2005).

We construct a directed county-pair-by-technology-class-by-year panel of citation flows,

consisting of over 2 million U.S. utility patents from 2001 to 2023, covering over 3,000

counties, including both origin and destination counties, and over 120 technology classes,

defined at the CPC class level.15 The unit of observation is (i, j,K, t), where i is the origin

county, j is the destination county, K is a technology class, and t is a year. Following Peri

(2005), the dependent variable Citationsi,j,K,t counts the forward citations made by patents

filed in destination county j in year t to prior patents originating in origin county i within

technology class K. The directional convention mirrors our mobility design: county i is the

source of the knowledge being absorbed, and county j is the absorber. The citation panel

therefore asks whether the same political mismatch that deters inventors from moving

from i to j also dampens j’s absorption of i’s ideas. We assign K as the modal CPC class of

the cited, or origin, patent and identify each patent’s location with the county of its lead

15Of 2 million patents, over 1.6 million are at least cited once in our sample period.
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inventor.16 As before, we retain zero-flow cells, since the substantive question is whether

political distance deters citations from occurring at all rather than the intensity of citation

flows conditional on citations having already occurred.17

We estimate the following Poisson pseudo-maximum likelihood regression specifica-

tion:

E[Citationsi,j,K,t] = exp(β, Political Distancei,j,t−1+Γ′Xi,j,t−1+αi,K + δj,K + τt+ εi,j,K,t) (5)

where Political Distancei,j,t−1 is constructed as in section 2, αi,K is an origin-county-by-

technology-class fixed effect, δj,K is a destination-county-by-technology-class fixed effect,

and τt is a year fixed effect. The vector Xi,j,t includes county-level absolute differences in

GDP growth, the politically misaligned county-pair indicator, the R-to-R indicator, and a

within-state indicator, together with bilateral geographic distance and the origin-county

and destination-county patent stocks within technology class K. Geographic distance has

been the standard control in citation regressions since Jaffe et al. (1993). The two patent-

stock terms scale the size of the citable pool in i and the citing capacity of j in technology

class K, both of which mechanically affect the count of citations and would otherwise be

correlated with persistent local economic conditions.

The fixed-effect structure absorbs the most plausible sources of non-political hetero-

geneity. The origin-by-technology fixed effects αi,K hold constant the productive endow-

ment of each origin county in each technology, ensuring that we do not confuse a place’s

knowledge-output capacity with its political environment. The destination-by-technology

fixed effects δj,K provide the analogous absorption on the absorber side, removing persis-

tent differences in j’s tendency to cite within technology class K. Year fixed effects absorb

16Using the modal class of the cited patent is consistent with the interpretation of K as the technology field
of the knowledge being drawn upon. Inventor location is preferred to assignee location because inventor
addresses capture where the knowledge is actually produced and absorbed, whereas assignee addresses
often reflect a firm’s headquarters location rather than the locus of inventive activity (Singh and Agrawal,
2011). In the case of a tied modal CPC class, we use the first CPC class listed on the cited patent.

17Like in the baseline inventor move results, the knowledge flow test also yields qualitatively similar
results if we do not retain zero-flow cells and only explore the intensive margin conditional on the already-
happened flows. Nevertheless, this is a substantially different research question.
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common shocks to aggregate citation activity, including the well-documented secular rise

in citations made per patent and the strong cohort effects that arise because forward cita-

tions accumulate over many years following a patent’s grant (Hall et al., 2001; Jaffe and

de Rassenfosse, 2016).18

Table 6 reports the estimates. The coefficient on county-pair political distance is neg-

ative and statistically significant at the one-percent level across all three specifications,

and its magnitude is stable as the fixed-effect structure tightens. In Column 1, which in-

cludes year, origin-county, and destination-county fixed effects together with the bilateral

controls and patent-stock measures, the estimated coefficient is −0.811. Replacing year

fixed effects with technology-class-by-year fixed effects in Column 2 leaves the coefficient

essentially unchanged at −0.874. Column 3 is our preferred and most stringent specifica-

tion, with origin-county-by-technology-class, destination-county-by-technology-class, and

technology-class-by-year fixed effects. The coefficient in this column is −0.553 and remains

highly significant, indicating that the deterrent effect of political distance on citation flows

is not an artifact of unobserved differences in county-level production capacity, technology

mix, or differential aggregate trends across fields.

The economic magnitude is meaningful. Using the standard deviation of county-pair

political distance from Panel A of Table 1 (0.117) and the coefficient in Column 3, a one-

standard-deviation increase in political distance implies a 6.3% decline in bilateral patent

citations.19 The control coefficients are also informative. Geographic distance loads nega-

tively and significantly across all columns, replicating the spatial decay of citations docu-

mented in Jaffe et al. (1993). Both patent-stock terms are significantly positive, confirming

18This combination of origin-by-technology, destination-by-technology, and year fixed effects is our pre-
ferred specification because patenting activity is highly concentrated in a small number of county-by-
technology cells—Silicon Valley counties in computing and communications, San Diego and Boston in
biotechnology, Detroit in automotive technology—and these specialized hubs tend to occupy distinctive po-
sitions on the political spectrum. Without origin-by-tech and destination-by-tech fixed effects, the political-
distance coefficient could mechanically reflect cross-county differences in technological specialization rather
than the ideological friction we aim to identify. The estimated effect nonetheless survives under both less-
saturated specifications and more demanding ones that interact technology class with year to absorb field-
specific citation trends in columns 1 and 2 of Table 6.

19exp(−0.553× 0.117)− 1 ≈ −6.3%.
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that the model captures the production- and absorption-side scaling of the knowledge pool

rather than residual political variation. The within-state indicator is significantly positive,

consistent with the findings in Jaffe et al. (1993).

We interpret these results as the natural downstream counterpart of our mobility find-

ings. Because political distance suppresses inventor mobility, and because inventor mobil-

ity is a primary mechanism through which tacit knowledge diffuses across places (Singh

and Agrawal, 2011; Akcigit et al., 2018), the reduced-form citation coefficient nests the

mobility channel by construction. We do not attempt to decompose the share of the cita-

tion effect operating strictly through inventor relocation from the share operating through

related interpersonal channels, such as cross-region collaboration networks, professional

conferences, or co-authorship ties. Both classes of friction are economically meaningful,

and both are plausibly shaped by ideological mismatch between places. The point of this

section is more modest but, in our view, more substantive: political distance not only im-

pedes the movement of the people who carry ideas, it also impedes the flow of the ideas

themselves. Together with the mobility results in section 3 and section 4, this finding sup-

ports the broader claim that political polarization imposes real costs on the diffusion of

innovative human capital and the productive knowledge it transmits.

5.1.1 Knowledge Flows – Crossing Party Lines

The preceding citation results treat political distance as a property of places: the ideolog-

ical gap between the county that produces an idea and the county that absorbs it. But

ideology is also embedded in the technological fields themselves. A growing body of evi-

dence documents that inventive activity is partisan-sorted across technology classes, with

Democratic-leaning inventors concentrated in fields such as clean energy and biotechnol-

ogy and Republican-leaning inventors over-represented in fields such as fossil-fuel extrac-

tion and defense-related technologies (Engelberg et al., 2025). If political identity attaches

to technology classes as well as to counties, then the diffusion of an idea may encounter

friction not only when it crosses a politically distant place but also when it crosses a polit-
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ically distant field—when a patent rooted in an ideologically coded technology cites prior

art rooted in a technology of the opposite ideological complexion.

We test this conjecture by augmenting the citation panel of subsection 5.1 with a mea-

sure of class-pair political distance. Using the partisan leaning data in Engelberg et al.

(2025), we define CPC 3-digit class-pair political distance as the absolute difference in this

net-Democratic share between the citing patent’s class and the cited patent’s class.20 A

larger class-pair distance indicates that the citing and cited technologies sit on opposite

sides of the inventor-partisan spectrum. We estimate

E[Citationsi,j,a,b,t] = exp
(
β1 ClassPolDista,b + β2 PoliticalDistancei,j,t−1

+ β3 DiffClassa,b + Γ′Xi,j,t−1 + ϕ+ εi,j,a,b,t

)
. (6)

where i is the origin, or cited, county; j is the destination, or citing, county; a is the

cited patent’s technology class; b is the citing patent’s technology class; and t is the year.

ClassPolDista,b is the class-pair political distance, PoliticalDistancei,j,t−1 is the county-pair

political distance from Section 2, and DiffClassa,b is an indicator equal to one when the

citing and cited patents belong to different CPC three-digit classes, which controls for the

mechanically lower frequency of cross-class citations. The term ϕ denotes the fixed effects,

which tighten across columns. We enter county-pair and class-pair political distance as

separate regressors rather than as an interaction so that each is estimated net of the other:

the coefficient on ClassPolDista,b isolates the ideological friction operating across fields,

holding fixed the ideological friction operating across places, and vice versa. Standard

errors are clustered at the cited-class by citing-class level, the level at which the field-based

regressor varies.

Table 7 reports the estimates. Column 1 controls only for county-pair political distance;

column 2 adds origin-county, destination-county, cited-class, citing-class, and year fixed

20Because the measure is built from the partisan composition of the inventors who patent within a class,
it captures the ideological variation of a technological field rather than of any individual patent. It is time-
invariant by construction and absorbed by the class fixed effects in the saturated specifications, so it is
identified from the political gap between the citing and cited fields.
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effects, together with the full set of county-pair controls used in the previous tests; and

column 3, our preferred specification, adds origin-county-by-cited-class and destination-

county-by-citing-class fixed effects, which absorb each county’s field-specific propensity

to supply and to absorb citations. Even after controlling for whether the citing and cited

patents fall in different technology classes and for the origin- and destination-county patent

stocks, the coefficient on class-pair political distance remains negative and statistically

significant. This result indicates that its effect on citations is not a mechanical artifact of the

citation-counting process. Crucially, county-pair political distance also remains negative

and significant throughout, confirming that the place-based friction documented in Table 6

is not an artifact of omitted field-level ideology. The two frictions are distinct and additive:

citations are deterred both when they must travel between politically distant counties and

when they must bridge politically distant technologies.

The economic magnitude of the field-based measure is also meaningful. A one-standard-

deviation increase in class-pair political distance implies roughly a 14.5% decline in cita-

tions.21

We read these results as sharpening the diffusion story of subsection 5.1. Political dis-

tance does not merely slow the movement of ideas across the map; it also slows their

recombination across the ideologically coded boundaries of the idea space itself. The

breakdown in knowledge diffusion is most acute precisely when a citation attempts to

cross party lines—both the partisan lines that separate places and the partisan lines that

separate fields.

5.2 Enter the New Technology Class

The mobility and citation results establish that political distance impedes both the move-

ment of inventors and the flow of the ideas they carry. We now ask whether this friction

has a tangible consequence for the technological development of places: does political

2114.5%=exp(−1.335∗0.116)−1, where -1.335 is the coefficient of class-pair political distance in column
3 and 0.116 is the standard deviation of class-pair political distance in the testing sample.
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distance slow the rate at which a county and its resident firms expand into new areas of

invention? Inventor mobility is a primary channel through which a region acquires the

tacit capabilities required to operate in an unfamiliar technological domain (Singh and

Agrawal, 2011; Akcigit et al., 2018), and a long literature on absorptive capacity and tech-

nological diversification holds that places enter new fields by drawing on the know-how

embodied in the people and ideas that arrive from elsewhere (Cohen and Levinthal, 1990;

Hidalgo, Klinger, Barabási, and Hausmann, 2007). If political distance starves a county

of cross-pollinating talent from politically distant origins, it should also slow that loca-

tion’s entry into the technologies those origins already command, preventing firms from

efficiently crossing the technological frontier.

We construct a directed county-pair-by-year panel of new-technology-class entries. For

an ordered pair of counties (i, j), the dependent variable counts the distinct CPC three-

digit classes that destination county j newly enters in year t—classes in which j filed no

patent over the trailing window t − 3 to t − 1 but files in year t—and that origin county i

already held in its three-year stock as of t− 1.22 The variable therefore captures a directed

flow of technological capability: the extent to which j moves into fields that i has already

established. We estimate

E
[
NewTechEntryi,j,t

]
= exp

(
β PoliticalDistancei,j,t−1 + Γ′Xi,j,t + ϕ+ εi,j,t

)
(7)

where ϕ denotes different fixed effects. The control vector Xi,j,t includes the technological-

proximity measure of Bloom et al. (2013) and Jaffe (1986) aggregated to the county

level, the origin-county and destination-county technology-class stocks, and indicators for

whether the two counties share a state and a commuting zone. Column 1 clusters stan-

dard errors only; column 2 adds additive origin-county, destination-county, and year fixed

effects; and column 3, our preferred specification, replaces these with origin-county-by-

22The trailing-window construction defines a class as part of a county’s capability stock if the county filed
at least one patent in that class over the preceding three years, and as a new entry if the county had no such
filing over that window but files in the current year. County is assigned by lead-inventor location and year
by application year, consistent with the rest of the paper.
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year and destination-county-by-year fixed effects, absorbing any time-varying shock to a

county’s overall capacity to supply or to enter technologies.

Table 8 reports the results. The coefficient on county-pair political distance is negative

and highly significant across all three columns—−0.374, −0.331, and −0.343—and is no-

tably stable as the fixed-effect structure tightens. In the preferred column 3, the coefficient

is −0.343 (z = −15.14). The effect is economically meaningful: a one-standard-deviation

increase in county-pair political distance implies roughly a 3.9% decline in bilateral new-

technology entries, and moving from the 25th to the 75th percentile of political distance

implies roughly a 5.4% decline.23

These estimates push the friction one step further down the causal chain. Political dis-

tance not only deters inventors from relocating and ideas from being cited; it also blunts

the receiving county’s ability to expand into novel technological frontiers, depriving it

of the specialized talent through which unfamiliar capabilities are acquired. Ideological

separation between places thus translates into a narrower, more slowly diversifying tech-

nological base.

5.3 Patenting Output – Using Weighted Political Distance

The analysis so far is dyadic: it characterizes how the political distance between two spe-

cific places shapes the flows between them. We close the section by aggregating these

bilateral frictions to the level of the receiving place and asking whether they leave a foot-

print on its overall innovative output. If a county is, on average, ideologically far from the

places that produce the nation’s inventive talent, then the cumulative friction it faces in

attracting inventors and absorbing ideas should depress the level of patenting it is able to

sustain.

To capture a county’s aggregate ideological isolation, we construct a destination-level

weighted political exposure. For destination county d in year t, the measure is a weighted av-

23−3.9% = exp(−0.343× 0.117)− 1 and −5.4% = exp(−0.343× 0.163)− 1, using the standard deviation
(0.117) and interquartile range (0.216 − 0.053 = 0.163) of county-pair political distance from Panel A of
Table 1.
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erage of the political distances between d and every other county in the inventor-producing

universe:

PolExpraw
d,t =

∑
o̸=d

ωraw
o

∣∣Repo,e − Repd,e

∣∣, ωraw
o =

N0
o∑

o′ ̸=dN
0
o′
, (8)

PolExpgeo
d,t =

∑
o̸=d

ωgeo
o,d

∣∣Repo,e − Repd,e

∣∣, ωgeo
o,d =

N0
o

/
disto,d∑

o′ ̸=d N
0
o′

/
disto′,d

, (9)

where Repo,e is origin county o’s Republican vote share in the most recent presidential

election e as of year t − 1, N0
o is origin o’s inventor headcount frozen at a pre-sample

baseline, and disto,d is the geographic distance between o and d. The raw measure in

equation (8) weights each origin by its national share of inventive talent; the geographic

distance-discounted measure in equation (9) additionally down-weights distant origins by

inverse distance. Two features of the construction are essential. First, the weights are built

from the full universe of origin counties rather than from realized inventor flows, so the

measure does not condition on the politically sorted mobility network whose determinants

we are studying. Second, fixing the headcount weights at a pre-sample baseline renders

the exposure variation predetermined with respect to contemporaneous patenting, similar

to a shift-share instrument where identification rests on the exogeneity of the baseline

shares (Goldsmith-Pinkham et al., 2020; Borusyak et al., 2022). The only time variation in

PolExpd,t comes from the political-distance shifters, which update with each election cycle.

We relate this exposure to destination-county patenting via

E[Patentsd,t] = exp
(
β PolExpd,t + Γ′Xd,t + αd + δt + εd,t

)
, (10)

where the dependent variable is the raw count of patents filed by destination county d in

year t, αd and δt are county and year fixed effects, and standard errors are clustered at the

destination-county level. The control vector Xd,t includes GDP growth, the unemployment

rate, the house value index, the county’s patent stock, and its technology-class stock. Crit-
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ically, Xd,t also includes the destination county’s own Republican vote share, so that β is

identified from the county’s ideological distance from the talent-producing universe rather

than from its own partisan leaning.

Table 9 reports the estimates. Both exposure measures enter negatively. The gravity-

discounted measure is the more powerful: its coefficient is −1.693 (z = −3.45) in the

sparse specification of column 1 and remains negative and significant at −1.193 (z =

−3.11) in the fully controlled column 3. The raw measure is also negative and signif-

icant, at −0.645 (z = −1.68) in column 2 and −0.687 (z = −2.17) in column 4. A

A-standard device increase in geographic distance-discounted political exposure implies

roughly a 9.6% decline in destination patenting.24 namely that the geographic distance-

discounted measure dominates the raw measure: ideological distance from nearby talent-

producing counties matters more than distance from the national pool, consistent with

the well-documented localization of knowledge spillovers (Jaffe et al., 1993). The des-

tination’s own Republican vote share is economically small and statistically insignificant

in both full specifications (0.159 and 0.037), which establishes that the output penalty is

not a story about Republican-leaning counties patenting less, but about politically isolated

counties patenting less, regardless of which direction their own politics lean.

This node-level evidence completes the chain. The dyadic frictions we document do

not net out in the aggregate; they accumulate into a measurable drag on the innovative

output of the places most ideologically removed from the nation’s inventive talent. Political

polarization, by isolating places along partisan lines, imposes a real and quantifiable cost

on local innovation.

6 Heterogeneity Tests

In this section, we examine when the political-distance effect is stronger and where it

is concentrated by interacting county-pair political distance with measures that capture

24−9.6% = exp(−1.193 × 0.085) − 1, using the column 3 coefficient and the standard deviation of the
distance-discounted exposure measure,
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national polarization and county-pair partisan alignment.

6.0.1 Political Polarization

We begin with Table 10, which examines whether the effect of county-pair political dis-

tance becomes stronger during periods of heightened national political polarization. We

use two measures of polarization. The first is the continuous partisan conflict index from

Azzimonti (2018). The second is a binary variable, Post Trump, that equals one for years

from 2017 to 2019 and zero for years from 2013 to 2015.

Table 10 reports the regression results. Column 1 interacts county-pair political dis-

tance with the continuous polarization measure. The baseline effect of political distance

remains negative and highly significant, with a coefficient of −1.831. The interaction term

is also negative, at −0.008, and is weakly significant at the ten-percent level. Column

2 replaces the continuous polarization measure with the Post Trump indicator. In this

specification, the baseline effect of political distance remains negative and significant, but

the interaction between Post Trump and political distance is negative and statistically in-

significant (−0.227, t = −0.398). All columns include controls, origin-county fixed ef-

fects, destination-county fixed effects, and year fixed effects, with standard errors double-

clustered at the county-pair and year level.

Taken together, the evidence provides at most limited support for the idea that political-

distance frictions intensify during periods of heightened national polarization. The contin-

uous polarization measure points in the predicted direction, but the effect is only weakly

significant. The discrete post-2016 comparison, by contrast, shows no statistically signifi-

cant strengthening. We therefore interpret this pattern cautiously. Unlike outcomes such

as media consumption, household spending, or portfolio choice, inventor mobility is a

high-friction decision shaped by long-term employment relationships, firm-specific human

capital, team-based production, and contractual restrictions such as non-disclosure obliga-

tions and intellectual property protections (e.g., Liu, Mao, and Tian, 2023; Ma, Wang, and

Wu, 2025). As a result, inventor mobility may not respond sharply to short-run increases
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in national political salience. Instead, the evidence is more consistent with county-pair

political distance operating as a persistent baseline friction in the allocation of innovative

talent, rather than as a channel that becomes materially stronger only during periods of

peak national polarization.

6.0.2 Politically Aligned County-pairs

One might suspect that when both counties in a pair lean toward the same party, marginal

differences in vote share carry limited social meaning and the political-distance effect

should collapse to zero. We test this possibility directly in Table 11. We construct an

indicator variable, Aligned, equal to one if the origin and destination counties support the

same presidential party in the most recent presidential election and zero otherwise. We

then estimate the political-distance effect in a pooled specification that interacts Aligned

with political distance in Column (1), and separately within the same-party and different-

party subsamples in Columns (2) and (3).

The data reject the conjecture that political distance matters only across party lines. In

Column (1), the level coefficient on Aligned is positive and statistically significant (0.373,

t = 3.744), implying that same-party county pairs have higher expected inventor flows

than different-party pairs when political distance is zero. At the same time, the political-

distance slope for different-party pairs, the omitted baseline group, is negative and signifi-

cant (−0.935). The interaction between Aligned and political distance is also negative and

significant (−1.596, t = −4.255), implying an even steeper political-distance slope among

same-party pairs. The implied slope for same-party pairs in the pooled specification is

therefore −2.531.

Columns (2) and (3) confirm this pattern in split samples. The coefficient on county-

pair political distance is −2.408 among same-party pairs and −1.649 among different-party

pairs, both significant at the one-percent level. Using the baseline standard deviation of

political distance, these estimates imply roughly a 24.5% decline in expected inventor

moves for a one-standard-deviation increase in political distance among same-party pairs
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and roughly a 17.5% decline among different-party pairs.25 The marginal penalty from

ideological divergence is therefore present in both regimes, but it is more pronounced

among same-party county pairs.

These results point to a two-part friction. Moving from same-party to different-party

county pairs is associated with a lower level of expected flows, consistent with a discrete

partisan-boundary effect. Conditional on being within the same partisan regime, however,

political distance still matters, and the slope is even steeper among same-party pairs. The

economic intuition is that among aligned pairs, vote-share differences capture fine-grained

variation in ideological intensity, such as the difference between a deep-red rural county

and a moderately red suburb. Inventors who are already considering politically compatible

destinations may still be sensitive to these subtler gradations of local norms and social

fit. Among different-party pairs, by contrast, the dyad is already in a lower-flow regime

because the partisan boundary itself captures part of the mismatch. Taken together, the

positive level effect for aligned pairs and the steeper within-alignment gradient suggest

that political identity operates through both a discrete partisan boundary and a continuous

intensity margin in the geographic reallocation of inventive talent.

7 Conclusion

This paper documents that political ideology acts as a significant friction in the geographic

reallocation of high-skilled labor. Using a county-pair-by-year panel spanning 2001 to

2023, we show that inventors move less between politically distant counties. In our most

demanding county-pair specification, a one-standard-deviation increase in political dis-

tance reduces bilateral inventor flows by approximately 17%. This effect survives satu-

rated origin-county-by-year and destination-county-by-year fixed effects and conservative

two-way clustered inference, suggesting that political distance predicts inventor mobility

beyond time-varying conditions specific to either the sending or receiving county.

25−24.5% = exp(−2.408× 0.117)− 1 and −17.5% = exp(−1.649× 0.117)− 1, where 0.117 is the standard
deviation of county-pair political distance from Table 1.
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We support this interpretation with two complementary identification strategies. First,

the geographic decomposition shows that the effect is strongest within state borders and

remains economically meaningful among non-neighboring out-of-state pairs, while it is

statistically indistinguishable from zero among neighboring-state pairs. This pattern is

difficult to reconcile with a simple story in which political distance merely proxies for

broad geographic or institutional separation. Second, a regression discontinuity design

based on close presidential elections reveals a pull-side mechanism: destination counties

that narrowly elect a Republican candidate attract significantly fewer inventors, while we

find no comparable origin-side effect.This establishes political ideology as a non-pecuniary

tax on destination attractiveness that distorts the efficient matching of talent to firms.

The consequences extend beyond mobility. Politically distant counties exchange fewer

ideas, as measured by bilateral patent citations, indicating that the same political mismatch

that slows inventor movement also dampens the spatial diffusion of the knowledge they

carry. This diffusion friction also appears inside the idea space itself: citations are less

likely when they must bridge politically distant technology classes, even after accounting

for the political distance between the counties involved. Political distance therefore slows

knowledge diffusion along both geographic and technological margins.

These frictions carry real implications for corporate strategy and diversification. Po-

litically distant county pairs exhibit fewer bilateral entries into new technology classes,

suggesting that ideological separation limits the cross-pollinating talent needed for firms

to expand into novel technological frontiers. At the aggregate level, places more ideologi-

cally distant from the national pool of inventive talent also produce fewer patents. In sum,

these results trace a coherent chain from reduced inventor mobility to weaker knowledge

diffusion, to slower corporate technological diversification, and ultimately to lower overall

innovative output and competitive advantage.

The firm-level analysis reinforces the interpretation that ideology affects inventive la-

bor mobility through more than local political environments. Using firms’ PAC-donation

records, we find that politically distant firms exchange fewer inventors under both a
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Republican-donation-share measure and a cfscore-based ideological-distance measure. In

the most demanding specifications, a one-standard-deviation increase in Republican do-

nation difference implies roughly a 51.6% decline in inter-firm inventor moves, while a

one-standard-deviation increase in cfscore-distance implies roughly a 62.5% decline. The

heterogeneity tests further clarify the nature of the county-level friction. We find only lim-

ited evidence that the effect intensifies during periods of heightened national polarization,

suggesting that political distance operates as a persistent baseline friction rather than only

as a short-run response to partisan salience. We also find that political distance reduces

inventor mobility among both same-party and different-party county pairs, consistent with

political identity operating through both a discrete partisan boundary and a continuous

intensity margin.

By establishing political ideology as a spatial and organizational barrier, alongside tra-

ditional determinants such as geographic distance, housing costs, and non-compete agree-

ments, our findings carry implications for innovation policy and corporate strategy. If

inventive labor is less willing or less able to move across politically distant environments,

polarization can distort the allocation of elite talent and slow the diffusion of ideas. For

firms, ideological sorting may act as an implicit recruitment friction that restricts talent ac-

quisition. For the broader economy, these frictions may reinforce the geographic clustering

of innovative activity and widen regional disparities in technological capacity.

37



References

Agrawal, Ajay, Devesh Kapur, John McHale, and Alexander Oettl, 2011, Brain drain or
brain bank? the impact of skilled emigration on poor-country innovation, Journal of
Urban Economics 69, 43–55.

Akcigit, Ufuk, Santiago Caicedo, Ernest Miguelez, Stefanie Stantcheva, and Valerio Sterzi,
2018, Dancing with the stars: Innovation through interactions, Technical report, Cam-
bridge, MA.

Akey, Pat, 2015, Valuing changes in political networks: Evidence from campaign contribu-
tions to close congressional elections, The Review of Financial Studies 28, 3188–3223.

Autor, David, David Dorn, Gordon Hanson, and Kaveh Majlesi, 2020, Importing political
polarization? the electoral consequences of rising trade exposure, American Economic
Review 110, 3139–3183.

Azzimonti, Marina, 2018, Partisan conflict and private investment, Journal of Monetary
Economics 93, 114–131.

Baker, Scott R, Nicholas Bloom, and Steven J Davis, 2016, Measuring economic policy
uncertainty, The Quarterly Journal of Economics 131, 1593–1636.

Bertrand, M, E Duflo, and S Mullainathan, 2004, How much should we trust differences-
in-differences estimates?, The Quarterly Journal of Economics 119, 249–275.

Bloom, Nicholas, Mark Schankerman, and John Van Reenen, 2013, Identifying technology
spillovers and product market rivalry, Econometrica 81, 1347–1393.

Bonica, Adam, 2014, Mapping the ideological marketplace, American Journal of Political
Science 58, 367–386.

Bonica, Adam, 2024, Database on ideology, money in politics, and elections: Public version
4.0, Computer file.

Borusyak, Kirill, Peter Hull, and Xavier Jaravel, 2022, Quasi-experimental shift-share re-
search designs, Rev. Econ. Stud. 89, 181–213.

Cohen, Wesley M, and Daniel A Levinthal, 1990, Absorptive capacity: A new perspective
on learning and innovation, Adm. Sci. Q. 35, 128.

Cohn, Jonathan B, Zack Liu, and Malcolm I Wardlaw, 2022, Count (and count-like) data
in finance, Journal of Financial Economics 146, 529–551.

Colonnelli, Emanuele, Valdemar Pinho Neto, and Edoardo Teso, 2025, Politics at work,
American Economic Review 115, 3367–3414.

38



Eggers, Andrew C, Anthony Fowler, Jens Hainmueller, Andrew B Hall, and James M Snyder,
Jr, 2015, On the validity of the regression discontinuity design for estimating electoral
effects: New evidence from over 40,000 close races, American Journal of Political Science
59, 259–274.

Engelberg, Joseph, Runjing Lu, William Mullins, and Richard Townsend, 2025, Political
sentiment and innovation: Evidence from patenters, The Review of Financial Studies 38,
2718–2758.

Fos, Vyacheslav, Elisabeth Kempf, and Margarita Tsoutsoura, 2022, The political polariza-
tion of corporate america, Technical report, National Bureau of Economic Research.

Goldsmith-Pinkham, Paul, Isaac Sorkin, and Henry Swift, 2020, Bartik instruments: What,
when, why, and how, Am. Econ. Rev. 110, 2586–2624.

Hall, Bronwyn, Adam Jaffe, and Manuel Trajtenberg, 2001, The NBER patent citation data
file: Lessons, insights and methodological tools, Technical report, National Bureau of
Economic Research, Cambridge, MA.

Hassan, Tarek A, Stephan Hollander, Laurence Van Lent, and Ahmed Tahoun, 2019, Firm-
level political risk: Measurement and effects, The Quarterly Journal of Economics 134,
2135–2202.

Henriksson, Matthew, and Anthony B. Rice, 2024, Within-firm partisanship and innova-
tion, SSRN Electronic Journal .

Hidalgo, C A, B Klinger, A-L Barabási, and R Hausmann, 2007, The product space condi-
tions the development of nations, Science 317, 482–487.

Hombert, Johan, and Adrien Matray, 2017, The real effects of lending relationships on
innovative firms and inventor mobility, The Review of Financial Studies 30, 2413–2445.

Hsieh, Chang-Tai, and Enrico Moretti, 2019, Housing constraints and spatial misallocation,
American Economic Journal: Macroeconomics 11, 1–39.

Jaffe, A B, M Trajtenberg, and R Henderson, 1993, Geographic localization of knowledge
spillovers as evidenced by patent citations, The Quarterly Journal of Economics 108, 577–
598.

Jaffe, Adam, 1986, Technological opportunity and spillovers of r&d: Evidence from firms’
patents, profits, and market value, American Economic Review 76, 984–1001.

Jaffe, Adam, and Gaétan de Rassenfosse, 2016, Patent citation data in social science re-
search: Overview and best practices, Technical report, Cambridge, MA.

Jeffers, Jessica S, 2024, The impact of restricting labor mobility on corporate investment
and entrepreneurship, The Review of Financial Studies 37, 1–44.

39



Kempf, Elisabeth, and Margarita Tsoutsoura, 2021, Partisan professionals: Evidence from
credit rating analysts, The Journal of Finance 76, 2805–2856.

Lee, David S, 2008, Randomized experiments from non-random selection in U.S. house
elections, Journal of Econometrics 142, 675–697.

Lee, David S, and Thomas Lemieux, 2010, Regression discontinuity designs in economics,
Journal of Economic Literature 48, 281–355.

Liu, Tong, Yifei Mao, and Xuan Tian, 2023, The role of human capital: Evidence from
corporate innovation, Journal of Empirical Finance 74, 101435.

Ma, Song, Wenyu Wang, and Yufeng Wu, 2025, Steering labor mobility through innova-
tion, Working paper.

Marx, Matt, Deborah Strumsky, and Lee Fleming, 2009, Mobility, skills, and the michigan
non-compete experiment, Management Science 55, 875–889.

McCartney, W Ben, John Orellana-li, and Calvin Zhang, 2024, Political polarization affects
households’ financial decisions: Evidence from home sales, The Journal of Finance 79,
795–841.

McCrary, Justin, 2008, Manipulation of the running variable in the regression discontinuity
design: A density test, Journal of Econometrics 142, 698–714.

Meeuwis, Maarten, Jonathan A Parker, Antoinette Schoar, and Duncan Simester, 2022,
Belief disagreement and portfolio choice, The Journal of Finance 77, 3191–3247.

Mian, Atif, Amir Sufi, and Nasim Khoshkhou, 2023, Partisan bias, economic expectations,
and household spending, The Review of Economics and Statistics 105, 493–510.

Pan, Yihui, Elena Pikulina, Stephan Siegel, and Tracy Yue Wang, 2023, Political divide and
the composition of households’ equity portfolios, SSRN Electronic Journal .

Peri, Giovanni, 2005, Determinants of knowledge flows and their effect on innovation,
Review of Economic Statistics 87, 308–322.

Singh, Jasjit, 2005, Collaborative networks as determinants of knowledge diffusion pat-
terns, Management science 51, 756–770.

Singh, Jasjit, and Ajay Agrawal, 2011, Recruiting for ideas: How firms exploit the prior
inventions of new hires, Management Science 57, 129–150.

40



Figures and Tables

Figure 1: Discontinuity Cutoff Manipulation Test

This figure presents the McCrary (2008) density test for manipulation of the running vari-
able at the RD cutoff. The running variable is the voting share margin in county-level,
where positive values indicate a Republican win and negative values indicate a Demo-
cratic win. The histogram and local polynomial density estimates are shown separately on
each side of the cutoff (marked by the vertical dashed line at zero). The absence of a dis-
continuous jump in the density at the cutoff suggests that precise manipulation of election
outcomes is unlikely, supporting the validity of the RD design.
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Table 1: Summary Statistics

Panel A reports summary statistics for the main variables in the county-pair by year over
the period 2001-2023. County-pair inventor moves is the number of inventor moves from
an origin county to a destination county in a given year. County-pair political distance
is the absolute difference in Republican vote shares between the origin and destination
counties in the most recent presidential election. Misaligned county pair takes value of
one if the origin and destination counties are politically misaligned and zero otherwise.
R to R is an indicator variable of value one if both counties are Republican-leaning. Geo
distance (log transformed), House value index (log transformed), unemployment rate (log
transformed), GDP growth (in percentage), and EPU (divided by 100 for better coefficient
display) are county-level controls measured as the absolute value of county-pair differ-
ences. Panel B presents summary statistics for the Republican vote share of origin and
destination counties. Panel C reports summary statistics for county-pair inventor moves
and county-pair political distance in the subsample excluding county-pair-year observa-
tions with zero inventor moves. Panel D reports summary statistics for the main variables
in the firm-level test in Table 3. Definitions for all variables are provided in Appendix A.

Panel A: Main Variables
Variable N Mean SD p1 p25 p50 p75 p99
County-pair inventor moves 897,190 0.354 6.102 0 0 0 0 5
County-pair political distance 897,190 0.147 0.117 0 0.053 0.121 0.216 0.488
Class-pair political distance 7,019,273 0.081 0.116 0 0 0.015 0.123 0.469
Weighted PolExp - Geo Dist 64,258 0.191 0.085 0.078 0.119 0.170 0.249 0.416
Weighted PolExp - Raw 64,258 0.206 0.093 0.083 0.124 0.184 0.273 0.440
Misaligned county pair 897,190 0.442 0.497 0 0 0 1 1
R to R 897,190 0.144 0.351 0 0 0 0 1
Distance 897,190 6.745 1.523 0 6.257 7.117 7.771 8.343
House value index 807,893 0.592 0.476 0 0.212 0.486 0.869 2.010
Unemployment rate 864,392 0.256 0.208 0 0.093 0.210 0.371 0.896
GDP growth 833,161 0.869 0.882 0.005 0.280 0.640 1.183 4.054
EPU 889,460 0.519 0.573 0 0.110 0.350 0.730 2.530

Panel B: Origin (Destination) County Political Leaning
Variable N Mean SD p1 p25 p50 p75 p99
Orig county Republican share 37,187 0.572 0.130 0.225 0.495 0.571 0.664 0.841
Dest county Republican share 38,176 0.573 0.131 0.222 0.495 0.572 0.665 0.846

Panel C: County-pair Moves and Political Distance, Excluding Zero Moves
Variable N Mean SD p1 p25 p50 p75 p99
County-pair inventor moves 99,331 3.196 18.091 1 1 1 2 33
County-pair political distance 99,331 0.134 0.109 0 0.045 0.112 0.199 0.454
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Table 1: Summary Statistics (Cont’d)

Panel D: Summary Statistics (Firm-level)

Full Sample
Variable N Mean SD p1 p25 p50 p75 p99
Firm-pair inventor moves 175,214 0.191 4.896 0 0 0 0 3
cfscore-distance 175,214 0.247 0.331 0 0 0.103 0.383 1.330
Republican donation diff 175,214 0.215 0.267 0 0 0.090 0.399 1
Misaligned firm pair 175,214 0.271 0.444 0 0 0 1 1
R to R 175,214 0.525 0.499 0 0 1 1 1
House value index 162,731 0.493 0.497 0 0.032 0.366 0.795 1.919
Unemployment rate 160,022 0.185 0.191 0 0.013 0.137 0.293 0.777
GDP growth 149,934 0.721 0.802 0.003 0.062 0.489 1.092 3.457
Distance 175,214 5.630 2.802 0 3.542 6.829 7.929 9.056

Origin (Destination) Firms Political Leaning
Variable N Mean SD p1 p25 p50 p75 p99
Orig firm cfscore 63,733 0.345 0.452 −0.765 0.158 0.321 0.621 1.306
Orig firm Rep donation share 63,733 0.568 0.356 0 0.363 0.580 0.932 1
Dest firm cfscore 64,906 0.348 0.456 −0.810 0.158 0.321 0.621 1.325
Dest firm Rep donation share 64,906 0.573 0.355 0 0.368 0.592 0.952 1

Firm-pair Moves and Political Distance, Excluding Zero Moves
Variable N Mean SD p1 p25 p50 p75 p99
Firm-pair inventor moves 11,727 2.849 18.723 1 1 1 2 26
cfscore-distance 11,727 0.208 0.303 0 0 0.060 0.327 1.269
Republican donation diff 11,727 0.189 0.255 0 0 0.052 0.339 1
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Table 2: Inventor Mobility and Political Distance: County-pair Baseline Results

This table presents the effect of county-pair political distance on inventor moves over the
2001 to 2023 sample period. The dependent variable in all columns is county-pair in-
ventor moves, measured as the number of inventor moves from an origin county to a
destination county in a given year. The main independent variable is county-pair political
distance, defined as the absolute difference in Republican vote shares between the origin
and destination counties in the most recent presidential election. All variables are defined
in Appendix A. The columns progressively add control variables, fixed effects, and clus-
tered standard errors. Column 1 reports the univariate regression. Column 2 and 3 add
the full set of control variables and standard error clustering. Column 4, as our preferred
specification, includes origin-county, destination-county, and year fixed effects. Column 5
stress tests by including origin-county by year and destination-county by year fixed effects.
t-statistics are reported in parentheses. The standard errors are heteroskedasticity consis-
tent and are double clustered by origin-county and destination-county level. *, **, and ***
represent significance levels at 10%, 5%, and 1%, respectively.

County-pair inventor flows
(1) (2) (3) (4) (5)

County-pair political distance -6.152*** -1.772*** -1.772*** -1.879*** -1.590***
(-25.940) (-17.651) (-3.295) (-6.281) (-5.059)

Distance -0.387*** -0.387*** -0.431*** -0.461***
(-46.387) (-19.359) (-15.004) (-17.368)

Misaligned county pair -0.874*** -0.874*** -0.128* -0.201***
(-47.421) (-7.185) (-1.645) (-3.638)

R to R -1.720*** -1.720*** 0.056
(-27.920) (-6.401) (0.449)

House value index -0.002 -0.002 -0.276*** -0.216***
(-0.076) (-0.017) (-3.743) (-2.726)

Unemployment rate -1.218*** -1.218*** -0.781*** -0.757***
(-17.953) (-5.336) (-7.676) (-7.080)

GDP growth -0.008 -0.008 -0.098*** -0.139***
(-0.558) (-0.139) (-6.406) (-5.336)

EPU -0.176*** -0.176*** -0.050 -0.019
(-8.042) (-4.682) (-1.306) (-0.403)

Observations 897,190 691,203 691,203 684,370 539,989
Orig county FE No No No Yes No
Dest county FE No No No Yes No
Year FE No No No Yes No
Orig county by year FE No No No No Yes
Dest county by year FE No No No No Yes
Clustered SE No No Yes Yes Yes
Pseudo R-squared 0.0409 0.212 0.212 0.616 0.648
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Table 3: Firm-Level Ideological Distance and Cross-Firm Inventor Mobility

This table presents the effect of firm-level firm-pair political distance on inventor moves
over the sample period 2001 to 2023, using firms’ PAC donations (Republican Donation)
and contribution finance ideology scores (cfscore) to proxy for firms’ political leaning.Two
main independent variable-Cfscore-distance is the absolute difference in cfscore between
the origin and destination firm; and Republican donation diff is the absolute difference in
donations made to Republican candidates between the origin and destination firm. The
dependent variable in all columns is firm-pair inventor moves. All variables are defined
in Appendix A. z-statistics are reported in parentheses. The standard errors are double-
clustered by origin and destination firm level. *, **, and *** represent significance levels
at 10%, 5%, and 1%, respectively.

Firm-pair Inventor Moves

(1) (2) (3) (4)

Republican Donation Diff -1.959*** -2.721***
(-2.946) (-6.727)

cfscore-distance -3.153*** -2.964***
(-5.031) (-4.262)

Distance -0.411*** -0.378*** -0.402*** -0.361***
(-6.462) (-5.781) (-5.932) (-5.139)

House value index 0.091 0.039 0.129 0.116
(0.253) (0.112) (0.368) (0.358)

Unemployment rate -0.272 -1.183*** -0.294 -1.152***
(-0.635) (-3.687) (-0.692) (-3.443)

GDP growth -0.174** -0.183* -0.189*** -0.238**
(-2.565) (-1.771) (-2.778) (-2.186)

Misaligned firm pair -1.071*** -0.299 -1.305*** -0.699***
(-3.102) (-1.484) (-4.361) (-4.136)

R to R -0.824*** -0.259 -0.859*** -0.311*
(-2.919) (-1.535) (-2.976) (-1.930)

Observations 137,943 20,065 137,943 20,065
Orig & Dest firm FE Yes Yes
Year FE Yes Yes
Orig firm by Year FE Yes Yes
Dest firm by Year FE Yes Yes
Pseudo R-squared 0.438 0.716 0.444 0.718
Clustered SE Yes Yes Yes Yes
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Table 4: Identification Strategy Using Within-state Moves

This table presents the effect of county-pair political distance on inventor moves over the
2001 to 2023 sample period, decomposed by the geographic character of the move. The
dependent variable is county-pair inventor moves, measured as the number of inventor
moves from an origin county to a destination county in a given year. The main indepen-
dent variable is county-pair political distance, defined as the absolute difference in Repub-
lican vote shares between the origin and destination counties in the most recent presiden-
tial election. Each directed county-pair is classified into one of three mutually exclusive
groups based on the geographic relationship between origin and destination: within-state
cross-county pairs (Within = 1), pairs in different but bordering states (Neighbor = 1),
and pairs in non-neighboring states (Within = 0 AND Neighbor = 0), which serves as
the omitted base group. Column 1 reports estimates from a fully saturated specification
that interacts county-pair political distance with both the Within and Neighbor indicators.
Column 2 reports linear combination test results that recover the three group-specific semi-
elasticities of inventor moves with respect to county-pair political distance from the column
1 coefficients: βfar = β3 for non-neighboring out-of-state pairs, βwithin = β3+β4 for within-
state cross-county pairs, and βneighbor = β3+β5 for pairs in neighboring states. All variables
are defined in Appendix A. z-statistics are reported in parentheses. The standard errors
are heteroskedasticity consistent and are double clustered at the origin and destination
county level. *, **, and *** represent significance levels at 10%, 5%, and 1%, respectively.

County-pair inventor moves

(1) Linear combination test
County-pair political distance (β3 ≡ βfar) -1.139*** β̂far = −1.139***

(-2.908) (-2.908)
Within 1.330***

(15.457)
Within × County-pair political distance (β4) -3.836*** β̂within = β4 + β3 = −4.975***

(-10.847) (-18.650)
Neighbor -0.543***

(-6.554)
Neighbor × County-pair political distance (β5) 1.362*** β̂neighbor = β5 + β3 = 0.223

(2.969) (0.610)

County-pair Controls Yes
Observations 684,370
Orig county FE Yes
Dest county FE Yes
Year FE Yes
Clustered SE Yes Yes
Pseudo R-squared 0.625
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Table 5: Regression Discontinuity Design – Close Elections

This table presents the effect of close elections on inventor moves over the 2001 to 2023
sample period using a regression discontinuity design. The dependent variable in all
columns is county-pair inventor moves, measured as the number of inventor moves from
an origin county to a destination county in a given year. Panel A reports summary statis-
tics for the election events (2004-2020) used in the analysis, including the total number of
elections in the full sample and the number of close elections with different bandwidth sur-
round the zero cutoff. Panel B and C present the difference test of key economic conditions
between destination (origin) winning and losing counties using a 5% winning margin.
Panel D reports the regression discontinuity results. Columns 1 to 3 focus on destination-
county elections, and Columns 4 to 6 focus on origin-county elections. The main inde-
pendent variable is Close R win, an indicator variable equal to one if the winner of the
election is Republican and zero if the winner of the election is Democratic. Columns 1 and
4 report results using the full sample of close elections. Columns 2 to 3 and Columns 5 to
6 restrict the sample using different bandwidths around the election cutoff, as indicated
in the column headings. All variables are defined in Appendix A. t-statistics are reported
in parentheses. The standard errors are heteroskedasticity consistent and are clustered at
the destination county level for Columns 1 to 3 and at the origin county level for Columns
4 to 6. *, **, and *** represent significance levels at 10%, 5%, and 1%, respectively.

Panel A: Summary Statistics of Election Events
Number of elections by winning margin

Full sample 1% 2% 3% 5%
All elections 15,770 265 529 790 1,291
Republican winning 12,530 134 278 410 673
Democrat winning 3,240 131 251 380 618

Panel B: Differences of Destination Counties around the Discontinuity
Winning County Losing County Difference t-statistics

EPU 0.808 0.841 -0.034 -0.92
Unemployment rate (%) 6.539 6.627 -0.088 -0.56
GDP growth (%) -0.248 -0.304 0.056 0.57
House value index 172,661 178,934 -6273 -1.02

Panel C: Differences of Origin Counties around the Discontinuity
Winning County Losing County Difference t-statistics

EPU 0.815 0.822 -0.008 -0.21
Unemployment rate (%) 6.440 6.548 -0.108 -0.70
GDP growth (%) -0.256% -0.261% 0.005 0.05
House value index 172,969 179,350 -6380 -1.02
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Table 5: Regression Discontinuity Design – Close Elections (Cont.)

Panel D: Regression Discontinuity Design
County-pair inventor moves

Destination County Elections Origin County Elections

(1) (2) (3) (4) (5) (6)
Full sample Small bandwidth Full sample Small bandwidth

0.02 0.05 0.02 0.05

Close R win -0.135 -1.148** -0.991** -0.156 -0.814 -0.726
(-0.593) (-2.183) (-2.024) (-0.650) (-1.553) (-1.495)

Observations 165,159 8,227 20,422 165,171 8,144 20,192
Controls Yes Yes Yes Yes Yes Yes
Election Year FE Yes Yes Yes Yes Yes Yes
Clustered SE Yes Yes Yes Yes Yes Yes
Pseudo R-squared 0.183 0.205 0.153 0.178 0.202 0.131
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Table 6: Ideological Frictions and Knowledge Spillovers: Evidence from Patent
Citations

This table presents the effect of county-pair political distance on bilateral patent citation
flows over the 2001 to 2023 sample period. The dependent variable in all columns is
county-pair-by-tech-class citations, measured as the number of forward citations made by
patents filed in the destination county in a given year to prior patents originating in the ori-
gin county within the same technology class. The main independent variable is county-pair
political distance, defined as the absolute difference in Republican vote shares between the
origin and destination counties in the most recent presidential election. The columns pro-
gressively tighten the fixed-effect structure. Column 1 includes year, origin-county, and
destination-county fixed effects. Column 2 replaces year fixed effects with technology-
class-by-year fixed effects. Column 3 reports the preferred specification with origin-county-
by-technology-class, destination-county-by-technology-class, and technology-class-by-year
fixed effects. All variables are defined in Appendix A. t-statistics are reported in parenthe-
ses. The standard errors are heteroskedasticity consistent and are double clustered by the
origin county and destination county level. *, **, and *** represent significance levels at
10%, 5%, and 1%, respectively.

County-pair-by-Tech-class Citations

(1) (2) (3)

County-pair political distance -0.811*** -0.874*** -0.553**
(-3.964) (-5.013) (-2.341)

Dest county-Tech class patent stock 0.744*** 0.778*** 0.527***
(26.999) (30.928) (5.673)

Orig county-Tech class patent stock 0.671*** 0.711*** 0.158***
(34.150) (34.441) (3.412)

Same state 0.581*** 0.580*** 0.513***
(3.996) (4.027) (3.956)

County-pair controls Yes Yes Yes
Observations 32,938,406 32,936,372 32,792,823
Year FE Yes Yes
Orig Pat Cty FE Yes Yes
Dest Pat Cty FE Yes Yes
Tech Class FE Yes
Tech Class by year FE Yes
Orig Pat Cty by Tech Class FE Yes
Dest Pat Cty by Tech Class FE Yes
Pseudo R-squared 0.648 0.655 0.703
Clustered SE Yes Yes Yes
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Table 7: Ideological Frictions and Knowledge Spillovers: Evidence from Citations
Crossing Party Lines

This table presents the effect of technology class-pair political distance on bilateral patent
citations over the 2001 to 2023 sample period. The dependent variable in all columns
is county-pair by class-pair citations, measured as the number of forward citations made
by patents filed in the destination county in a given year to prior patents originating in
the origin county across different technology class pairs. The main independent variable
is the class-pair political distance, defined as the absolute difference in the net fraction
of Democratic inventors between the citing patent technology class and the cited patent
technology class. We progressively include controls and fixed effects from columns 1 to 3.
Column 1 only controls for the county-pair political distance and clusters standard errors.
Column 2 adds origin, destination county, citing and cited patent’s technology class and
year fixed effects. Column 3 adds two-way fixed effects – origin county by cited patent’s
technology class and destination county by citing patent’s technology class fixed effects. All
variables are defined in Appendix A. z-statistics are reported in parentheses. The standard
errors are heteroskedasticity consistent and are clustered at the cited patent technology
class by citing patent technology class. *, **, and *** represent significance levels at 10%,
5%, and 1%, respectively.

County-pair by class-pair Citations

(1) (2) (3)
Class-pair political distance -4.509*** -1.157** -1.335***

(-5.790) (-2.574) (-2.796)
County-pair political distance -1.171*** -0.525* -0.583***

(-2.629) (-1.896) (-3.314)
Different classes -1.089*** -1.177***

(-6.843) (-8.029)
Destination county patent stock 0.596*** 0.769***

(6.680) (5.569)
Origin county patent stock 0.459*** 0.186***

(7.434) (3.393)

County-pair Controls No Yes Yes
Observations 7,019,194 6,181,349 6,167,956
Year FE Yes Yes Yes
Orig Cty FE Yes Yes
Dest Cty FE Yes Yes
Cited Pat Tech FE Yes Yes
Citing Pat Tech FE Yes Yes
Orig Cty by Cited Tech FE Yes
Dest Cty by Citing Tech FE Yes
Pseudo R-squared 0.426 0.530 0.614
Clustered SE Yes Yes Yes
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Table 8: Ideological Frictions and Entry of New Technology

This table presents the effect of county-pair political distance on bilateral new technology
class entries over the 2001 to 2023 sample period. The dependent variable in all columns
is county-pair number of new technology classes entry, measured as the number of distinct
technology classes the destination county newly enters in a given year that the origin
county held in the prior year. The technology class stock of a given county is determined
using a three year trailing window, and a class counts as a new entry if the destination
had no patents in it during the preceding three years. The main independent variable is
county-pair political distance, defined as the absolute difference in Republican vote shares
between the origin and destination counties in the most recent presidential election. We
progressive add controls and fixed effects from column 1 to 3. Column 1 only clusters
standard errors. Column 2 adds origin, destination county and year fixed effects. Column 3
includes two-way fixed effects – origin county by year and destination county by year fixed
effects. All variables are defined in Appendix A. z-statistics are reported in parentheses.
The standard errors are heteroskedasticity consistent and are double clustered by the origin
county and destination county level. *, **, and *** represent significance levels at 10%,
5%, and 1%, respectively.

County-pair New Tech Entry

(1) (2) (3)
County-pair political distance -0.374*** -0.331*** -0.343***

(-2.586) (-11.215) (-15.143)
Tech Similarity -0.144*** -0.084***

(-7.205) (-4.571)
Orig cty tech class stock 1.205***

(133.128)
dest cty tech class stock -0.453***

(-12.906)
Same state 0.011*** 0.010***

(3.741) (4.236)
Same CZ 0.037*** 0.031***

(5.030) (4.508)

County Controls No Yes Yes
Observations 210,273,848 89,695,974 49,822,619
Pseudo R-squared 0.000 0.397 0.399
Fixed effect No Additive Multiplicative
Clustered SE Yes Yes Yes
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Table 9: Ideological Frictions and Patent Output

This table presents the effect of destination county weighted political exposure on its
patent output over the 2001 to 2023 sample period. The dependent variable in all columns
is the raw count of granted patents filed by the destination county in each year. The main
independent variables are the raw weighted destination county political exposure and ge-
ographic distance discounted weighted destination county political exposure. Details on
the construction of the weighted political distance is in subsection 5.3. We progressively
add control variables from column 1 to 4. Column 1 and 2 only includes main independent
variables, fixed effects and standard error clustering. Column 3 and 4 are full specifica-
tions. All variables are defined in Appendix A. z-statistics are reported in parentheses.
The standard errors are heteroskedasticity consistent and are clustered by the destination
county level. *, **, and *** represent significance levels at 10%, 5%, and 1%, respectively.

# of Patents

(1) (2) (3) (4)

Weighted PolExp - Geo Dist -1.693*** -1.193***
(-3.445) (-3.111)

Weighted PolExp - Raw -0.645* -0.687**
(-1.676) (-2.171)

GDP Growth 0.027*** 0.027***
(3.075) (3.056)

Unemployment rate 0.015 0.010
(0.345) (0.217)

House value index 0.063 0.073
(1.085) (1.261)

Republican vote share 0.159 0.037
(0.916) (0.207)

Patent stock 0.532*** 0.547***
(5.416) (5.261)

County Tech Class stock 0.404*** 0.401***
(11.534) (11.269)

Observations 63,315 63,315 39,654 39,654
Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Clustered SE Yes Yes Yes Yes
Pseudo R-squared 0.976 0.976 0.981 0.980
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Table 10: Inventor Mobility and Political Distance: By Political Polarization

This table presents the effect of county-pair political distance on inventor moves over the
2001 to 2023 sample period, conditional on the level of national political polarization. The
dependent variable in all columns is county-pair inventor moves, measured as the number
of inventor moves from an origin county to a destination county in a given year. The main
independent variable is county-pair political distance, defined as the absolute difference
in Republican vote shares between the origin and destination counties in the most recent
presidential election. Column 1 interacts county-pair political distance with polarization
measure in Azzimonti (2018). Column 2 interacts county-pair political distance with an
indicator variable taking value of one for years from 2017 to 2019 and zero for years
from 2013 to 2015 otherwise. All variables are defined in Appendix A. t-statistics are
reported in parentheses. The standard errors are heteroskedasticity consistent and are
double clustered at the county-pair and year level. *, **, and *** represent significance
levels at 10%, 5%, and 1%, respectively.

County-pair inventor flows

(1) (2)

County-pair political distance -1.831*** -1.456***
(-6.012) (-4.050)

Polarization × County-pair political distance -0.008*
(-1.707)

Post Trump × County-pair political distance -0.227
(-0.398)

Observations 684,370 204,404
Controls Yes Yes
Orig county FE Yes Yes
Dest county FE Yes Yes
Year FE Yes Yes
Clustered SE Yes Yes
Pseudo R-squared 0.616 0.620
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Table 11: Inventor Mobility and Political Distance: Same-Party versus Cross-Party
Moves

This table presents the effect of county-pair political distance on inventor moves over the
2001 to 2023 sample period, conditional on whether the origin and destination coun-
ties are politically aligned. The dependent variable in all columns is county-pair inventor
moves, measured as the number of inventor moves from an origin county to a destination
county in a given year. The main independent variable is county-pair political distance,
defined as the absolute difference in Republican vote shares between the origin and des-
tination counties in the most recent presidential election. Column 1 interacts county-pair
political distance with an indicator variable taking the value of one if the origin and desti-
nation counties are politically aligned from the most recent presidential election and zero
otherwise. Column 2 restricts the sample to county pairs in which the origin and desti-
nation counties are politically aligned, i.e., sharing the same party affiliation. Column 3
restricts the sample to county pairs in which the origin and destination counties are po-
litically misaligned, i.e., sharing a different party affiliation. All variables are defined in
Appendix A. t-statistics are reported in parentheses. The standard errors are heteroskedas-
ticity consistent and are double clustered at the county-pair and year level. *, **, and ***
represent significance levels at 10%, 5%, and 1%, respectively.

County-pair inventor moves

(1) (2) (3)
Full sample Same party Different party

County-pair political distance -0.935*** -2.408*** -1.649***
(-3.386) (-5.468) (-3.484)

Aligned × County-pair political distance -1.596***
(-4.255)

Aligned 0.373***
(3.744)

Observations 684,370 384,809 293,630
Controls Yes Yes Yes
Orig county FE Yes Yes Yes
Dest county FE Yes Yes Yes
Year FE Yes Yes Yes
Clustered SE Yes Yes Yes
Pseudo R-squared 0.616 0.674 0.303
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Appendix

A Variable Description

Main dependent variable

County-pair inventor moves: The number of inventor moves from an origin county to a

destination county in a given year. The sample is constructed as a balanced county-pair-

year panel, so county-pair-year observations with no inventor move remain in the sample

and take the value of zero.

County-pair by Tech-class citations: The number of forward citations made by patents

filed in destination county to prior patents originating in origin county within the technol-

ogy class (CPC Class) in a given year. As before, zero-flow cells are retained. County of the

patent is determined by its lead inventor county and year uses patent application year.

County-pair by Tech-class-pair citations: The number of forward citations made by

patents in a technology class filed in destination county to prior patents in another technol-

ogy class originating in origin county in a given year. Citing and cited patents can belong

to either the same or different technology class. County of the patent is determined by its

lead inventor county and year uses patent application year.

County-pair new tech entry: The number of distinct CPC-3 technology classes that desti-

nation county newly enters in a given year (no filing in the class over a trailing three-year

window from t− 3 to t− 1, then a filing in year t) and that origin county held in its 3-year

stock at t−1 (a filing in the class over t − 3 to t − 1). County of the patent is determined

by its lead inventor county and year uses patent application year.

Main independent variable

County-pair political distance: The absolute difference in Republican vote shares be-

tween the origin and destination counties in the most recent presidential election.

Class-pair political distance: The absolute difference in the net fraction of Democratic

inventors (i.e., % of Democratic inventors minus % of Republican inventors) between the
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citing patent technology class (CPC 3-digit class) and cited patent technology class (CPC

3-digit class) using the partisan leaning data as in Engelberg et al. (2025).

Aligned: An indicator variable equal to one if the origin and destination counties are

aligned with the same political party in the most recent presidential election, and zero

otherwise.

cfscore-distance: The absolute value of the difference between the origin firm’s contribu-

tion finance ideology score (cfscore) and the destination firm’s contribution finance ideol-

ogy score.

Close R win: An indicator variable equal to one if the winner of the relevant close election

is Republican and zero if the winner is Democratic.

Destination county patent stock: Log of all filed patents in years before a given year of

citing county in citing technology class.

Dest county Republican share: The Republican vote share of the destination county in

the most recent presidential election.

Dest county-Tech class patent stock: The log transformation of the raw count of patents

that belongs to the same CPC Class as the cited patent in the destination county.

Dest cty tech class stock: Log of one plus total distinct technology class (CPC 3-digit

class) in the destination county in the previous year.

Dest firm cfscore: The contribution finance ideology score (cfscore) of the destination

firm, constructed from the firm’s PAC donation-based political ideology.

Different class: An indicator variable being 1 if the cited and citing patents belong to the

different CPC 3-digit class.

Distance: The logarithm of the geographic distance between the origin and destination

county (firm) plus one.

EPU: The absolute value of the difference in economic policy uncertainty between the

origin and destination counties as in Baker et al. (2016).

Firm-pair inventor moves: The number of inventor moves from an origin firm to a desti-

nation firm in a given year.
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GDP growth: The absolute value of the difference in GDP growth between the origin and

destination counties, in percentage.

House value index: The absolute value of the difference in house value index between

the origin and destination counties.

Misaligned county pair: An indicator variable equal to one if the origin and destina-

tion counties are politically misaligned in the most recent presidential election, and zero

otherwise.

Misaligned firm pair: An indicator variable equal to one if the origin and destination

firms are politically misaligned based on their most recent year’s PAC donation, and zero

otherwise.

Neighbor: An indicator variable equal to one if the origin and destination counties are

located in neighboring states, and zero otherwise.

Origin county patent stock: Log of all filed patents in years before a given year of cited

county in cited technology class.

Orig county Republican share: The Republican vote share of the origin county in the

most recent presidential election.

Orig county-Tech class patent stock: The log transformation of the raw count of patents

that belongs to the same CPC Class as the cited patent in the origin county.

Orig cty tech class stock: Log of one plus total distinct technology class (CPC 3-digit

class) in the origin county in the previous year.

Orig firm cfscore: The contribution finance ideology score (cfscore) of the origin firm,

constructed from the firm’s PAC donation-based political ideology.

Polarization: The national political polarization measure as in Azzimonti (2018), centered

around zero.

Post Trump: An indicator variable equal to one for years after 2016 and zero otherwise.

R to R: An indicator variable equal to one if both the origin and destination counties are

Republican-leaning in the most recent presidential election, and zero otherwise.

Republican donation diff: The absolute value of the difference between the origin firm’s
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and destination firm’s PAC contributions to Republican candidates. Winsorized at 1% and

99%.

Same CZ: An indicator variable equal to one if both origin and destination county are in

the same commuting zone.

Same state: An indicator variable equal to one if both origin and destination county are

in the same state.

Tech similarity: Technological-proximity measure as in Bloom et al. (2013) and Jaffe

(1986), aggregated to county level.

Unemployment rate: The absolute value of the difference in unemployment rate between

the origin and destination counties.

Within : An indicator variable equal to one if the origin and destination counties are

located within the same state.
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