
CHAPTER 6

Winning the Nomination

6.1 The Influence of Political Networks in Primary Elections

The nomination of candidates for o�ce is at the heart of party behavior. In determin-

ing whether an organization is a political party, the first criteria considered by the Federal

Elections Commission is whether it is engaged in “nominating qualified candidates for Pres-

ident and various Congressional o�ces in numerous states” (FEC 2018). The key purpose

of a party, according to many scholars, is the nomination of candidates for o�ce (Key 1958;

Schattschneider 1942).

Despite the central role of nominations play in their definition, parties are often viewed

as having little control over the process. Jacobson describes candidates in primary elections

as “freebooting political entrepreneurs,” whose success and failures are based on the their

own strengths and weaknesses (2009). Herrnson (2011, p. 41) similarly argues that

“most successful candidates are self-starters because the electoral system lacks
a tightly controlled party-recruitment process...Because the system is candidate-
centered, the desire, skills, and resources that candidates bring to the table in
the electoral arena are the most important criteria separating serious candidates
from those who have little chance of getting elected.”

However, as I demonstrated in Chapter 3, the constellation of actors that constitute the

modern party still hold influence over the selection of candidates – these supposedly “free-

booting entrepreneurs do not fight with bare knuckles” (Bawn et al. 2012). The support of

groups within the party network provides powerful campaign resources to their chosen can-

didates. Support from these networks provided candidates with campaign sta↵ and advisers,
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canvassers and get-out-the-vote resources, independent expenditure campaigns, field-clearing

e↵orts, fund-raising assistance, and numerous other benefits often beyond the reach of can-

didates without group support. In numerous studies, these resources have individually been

found to aid candidates in their pursuit of nomination (Desmarais et al. 2015; Hassell 2016;

2018; Ocampo 2017). Moreover, in an environment lacking party cues, media coverage,

and public engagement, group endorsements are themselves a signal to voters in these low

information elections (Arceneaux and Kolodney 2009; Dominguez 2011).

These groups were not simply falling behind the winning nominee, but were actively

pushing candidates who had histories advocating for their policies and positions. Where

previous studies posited an incentive to coordinate behind a nominee mutually agreeable to

the various factions within a party, what was observed on the ground more closely resembled

a free-for-all among the relevant stakeholders. Labor unions, EMILY’s List, and minority

groups would marshal support behind their chosen candidates in Democratic primaries, and

business interests, Tea Party organizations, and evangelical activists would similarly compete

on the Republican side. Those competing did so knowing that the stakes were relatively low

– any co-partisan nominee would be generally supportive of the party’s platform – but

the potential pay-o↵s – a nominee who was a champion for their particular issue – were

tremendously valuable.

Systematically observing the benefits of group support, however, is di�cult. As Hassell

(2016) notes, most of these studies have either focused solely on presidential nominations

(Cohen et al. 2008), been forced to rely on a small number of cases (Dominguez 2011; Masket

2009; Ocampo 2017), or only considered general elections (Desmarais et al. 2015; Hannagan

et al. 2010; Gerber and Green 2000) because of the intractability of gathering the data

systematically for a representative sample of primaries. Exacerbating these limitations, the

informal, behind-the-scenes politicking of party elites is often purposefully kept out of the

public eye (Bawn et al. 2014). In discussing the di�culties in measuring the impact of party

e↵orts on primary outcomes, Dominguez (2011) admits the need for “other proxies” as other

measures of party influence are “cumbersome to gather for large numbers of candidates.”

In the previous chapter I demonstrated how political networks are able to systematically
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shape the pool of potential candidates competing for the nomination. In this chapter, I use

the existing network density of a candidate’s campaign contribution network to show that

these party networks are still able to help nominate their preferred candidate.

6.2 Research Design

6.2.1 Data

Data for this analysis comes from the same sources as Chapter 5. Individual level cam-

paign contributions come from Bonica’s (2015) Database on Ideology, Money in Politices,

and Elections (DIME). House primary election results between 1982 and 2014 come from

Pettigrew, Owen, and Wanless (2014) database of House primary election results the Federal

Election Commission’s archive of election results (FEC 2018). Pettigrew et al. (2014) also

provide each candidate’s co-partisan presidential candidate in the previous election for elec-

tions between 1982 and 2010, while the presidential vote shares for 2012 and 2014 come from

the DailyKos’s Election data repository (DailyKos 2018). For years 2000 through 2010, Pet-

tigrew et al. (2014) also provide detailed histories of prior occupations for candidates, which

allows us to determine which primary candidates had previously held o�ce. I personally

gathered the data for candidates in 2012 and 2014 using web archives of local newspapers

and a variety of other primary sources. The variable of interest in this chapter will again be

a candidate’s existing network density (END) score. For a more detailed explanation for the

data sources and methods, see §5.2.1.

6.2.2 Hypotheses

The central hypothesis of this analysis is that candidates with a greater END score

should be more likely to win consequential open-seat primaries. These e↵ects should remain

after controlling for measures of electoral viability, such as campaign fundraising and can-

didate quality. Additionally, because a large dense network should signal a greater value to

a candidate than a small dense network, the interaction between the number of donors and
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the candidates END should also be positive.

Secondary hypotheses can also be investigated given the breadth of data available with

this approach. First, the underlying mechanism of organized group support is partisan inso-

far as it involves the behavior of party networks, but doesn’t theorize a di↵erence between

Democratic and Republican candidates. Second, in contrast to the parties in decline liter-

ature, the tools available to actors within the extended party network exists equally across

time, and so the e↵ect of network density should be stable across time.

6.2.3 Model Specification

My analysis addresses the likelihood of winning an consequential open-seat primary. A

consequential open-seat primary is one in which there is no incumbent seeking the nomination

(open-seat) and the presidential candidate of that party won at least 45% of the vote in the

previous election (consequential). Open-seat primaries eliminate the confounding influence

of incumbency on the electoral outcomes. These races are also “where the action is,” with

over two-thirds of members of Congress entering by winning open-seat races (Gaddie and

Bullock 2000; see Bawn et al. 2014). I focus on consequential open-seats, as these are the

only races in which the winner of the primary has a realistic chance of success in the general

election.1

I estimate a series of logistic regressions considering the likelihood of winning a primary

election controlling for a range of potentially confounding variables. In di↵erent specifica-

tions, I include measures of a candidate’s primary fund-raising, a candidate’s total number

of unique and national party donors, and whether the candidates have previously held o�ce.

Candidate fundraising is one of the strongest predictors of candidate success in both pri-

mary and general elections for Congress (Jacobson 1980). And as Hassell (2016) argues, by

“[u]sing fund-raising as a measure of candidate viability, we can assess whether connections

to [the network] are largely determined by perceived candidate viability or whether party

1The results of the analyses presented below hold for the full sets of all open seats and all consequential
primaries, but are subject to greater concerns of endogeneity.
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donors support candidates through di↵erent coordination mechanisms.” Because a larger

dense network is obviously a greater resource than a smaller dense network, I also interact

the number of primary donors with the END score.

As further verification, I also estimate a series of ordinary least squares models with

a dependent variable of a candidate’s vote share in the primary. These models are only

presented as further evidence of the underlying trends from the logistic models. The compo-

sitional nature of candidate vote share data, however, makes direct interpretations of these

findings more limited.

Party donors are donors that also contributed both to the candidate and to one of the

national party committees.2 In order to make inferences about the preferences of the formal

party organization, we need an alternative measures of the relationships between party elites

and individual candidates, because the parties themselves rarely make endorsements in a

primary (Hassell 2018). The number of shared donors between the national parties and the

individual candidates is a straightforward measure of how connected these sets of actors are

in a particular election. I include this measure to control for the influence of the national

party in primaries and to compare the magnitude of influence with previous studies (Hassell

2016; 2018).

The data for candidate quality and electoral experience is only available for House

primary candidates between 2000 and 2014 and therefore model specifications controlling

for candidate quality only consider this time period. Candidate quality is a binary variable

for whether a candidate has held previous o�ce. While the data would allow us to make

a more granular scale of quality given di↵erent levels of previous experience, more nuanced

measures are often found to explain little additional variation (Jacobson and Kernell 1981).

Gathering this data before 2000 is exceptionally di�cult, given the same problems that

plague the study of contemporary primary elections – limited news coverage and previous

2The Republican National Committee, Democratic National Committee, National Republican Congres-
sional Committee, Democratic Congressional Campaign Committee, National Republican Senatorial Com-
mittee, and the Democratic Senate Campaign Committee constitute the national party committees for this
analysis. Hassell restricted his analysis to only the federal party committees responsible for the o�ce in
question. The results of my analysis hold in both cases.
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attention by scholars.

6.3 Networks on the Ground Revisited

Before investigating the systematic influence of existing network density on electoral

outcomes, how do END scores perform as a measure for understanding the case studies

from 2014? Table 6.1 provides the END score and the number of donors in their existing

network for the winners and runners-up of the 11 case studies from Chapter 4. In 7 of the

11 contests, the candidate with the densest network won the primary. In three contests, the

top two candidates had the support of roughly equal networks, but the winner’s network

was many at least 50% larger. Only in Michigan’s 14th district did the eventual nominee

win with the support of a noticeably more sparse network.

While few political science theories hope to account for every case, this exception should

be explored further. The Michigan district provides the clear limitation to this approach.

While Lawrence barely bested Hobbs on primary day, his network was both larger and more

structure as measured by the number of contributors and its END score. More than a

mere anomaly, it points to a possible weakness in this approach. Primaries for Congress are

often a candidate’s first attempt for federal o�ce. If a candidate had the support of a solely

local network – perhaps, like Lawrence, a network of women mayors and their local campaign

supporters – who rarely participate in federal elections, then measuring their networks based

solely on federal contribution records could miss an underlying durable organization. Ideally

this measure would include the contribution behavior beyond federal o�ces, but this data is

only available for a large sample of states in more recent years.

Returning again to the example of Pennsylvania’s 13th district, we can see how network

density played out in detail for one race. One of the more anomalous aspects of this race

was the inverse relationship between fundraising and electoral outcomes. The trend could

not even be considered inconclusive – the vote share of the individual candidates was the

opposite of their fundraising prowess. Figure 6.1 provides the relationship between END

scores and vote share in comparison to the relationship between fundraising and vote share.

149



Table 6.1: END Scores for Case Study Winners and Runners-Up

District Winner END score Donorst0 Runner-up END score Donorst0 H1

UT-04 Love 0.404 1,117 Fuehr 0.000 0
VA-10 Comstock 0.348 366 Marshall 0.221 20
NJ-12 Coleman 0.291 202 Greenstein 0.329 126 ⇡
CO-04 Buck 0.380 272 Renfroe 0.400 10 ⇡
MI-04 Moolenaar 0.331 243 Mitchell 0.000 3
NC-12 Adams 0.275 161 Graham 0.182 53
MI-14 Lawrence 0.222 206 Hobbs 0.417 246 X
NC-07 Rouzer 0.332 412 White 0.245 109
PA-13 Boyle 0.418 198 Margolies 0.29 428
LA-06 Graves 0.286 306 Dietzel 0.303 99 ⇡
PA-06 Trivedi 0.601 157 Parrish* 0.173 22

*Parrish dropped out of the primary and Trivedi ran unopposed.

Figure 6.1: Network Density and Campaign Finance in Pennsylvania’s 13th District
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While Arkoosh was able to raise a significant amount of money for her campaign, 49% of

those funds came from outside of Pennsylvania the vast majority of which came from fellow

doctors, particularly anesthesiologists. The medical community was able to help her raise

money but was more reactive to her candidacy than a central player in creating it. In other

words, the medical community is more than willing to help one of their own in a primary, but

is not actively recruiting doctors nor necessarily contributing in primaries without doctors.

This hands-o↵ style of participation means that on a cycle to cycle basis Arkoosh’s network

likely works together less regularly, resulting in a less dense network of support. The sporadic

nature of the medical communities support means that they have fewer resources that active

or full-time networks possess. For example, the union’s that supported Boyle are consistently

active cycle after cycle and have a full-time political operation with large numbers of boots

on the ground to help their candidates.

Similarly, while Leach was able to raise a good deal of money from online progressive

organizations like the PCCC and MoveOn.org, these endorsements were not connected to

the local political community and came with few campaign volunteers or canvassers. These

groups also did not engage in any large scale advertising or GOTV e↵orts on his behalf.

And Margolies, while widely panned for running an absent-minded campaign, was obviously

well connected to the Clinton fundraising network, and had the behind the scenes assistance

of both the Philadelphia and Montgomery County Democratic parties. While these e↵orts

were not visible to anyone but the most politically connected, they were still powerful forces

shaping the field to benefit Margolies.

Boyle, in comparison, benefited from the unequivocal and dedicated support of organized

labor. Endorsements, campaign donations, mailers, independent expenditures, campaign

advisers, canvassers, phone-bank operators, election day door-knockers – all of this and

more were marshaled by the Philadelphia unions in support of Boyle’s campaign. Five

months prior to the primary, Brendan Boyle had already secured over 20 endorsements

from major trade unions in the district, and was endorsed by the state legislators most

closely a�liated with the labor movement (Boyle for Congress 2014). Building a Better

Pennsylvania, a political action committee a�liated with the trade unions of Philadelphia,
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spent over $350,000 on independent expenditures on behalf of his campaign (Brennan 2014).

One individual a�liated with the unions reported to me that they had 50 people either

knocking on doors, passing out fliers, or making phone calls every day the month leading up

to the primary. In addition to these visible e↵orts, elites interviewed in the lead up to the

primary believed that pressure from party actors kept other candidates from entering the

race, securing Boyle a geographic monopoly in Philadelphia (Gibson 2013). Given how active

unions are in Democratic primaries, we would expect that those supporters who donated to

Boyle due to his union support have a durable history of supporting the same labor-backed

candidates.

Figure 6.2 displays a sample of Boyle’s and Arkoosh’s network to visualize the di↵erences

in density. One common pathology of large network visualizations is the “hairball” problem

– the number of actors in the network crowd the figure to the point where it appears as

an unintelligible hairball. When I plot all of the contributors for any candidate, it becomes

di�cult to see any clear relationship. Therefore, I only display those donors who made at

least 3 contributions in the previous election cycle. While reducing the graph to this subset

leaves both candidates with more active donors, the density ratio between the full pool and

the sub-sample is approximately the same.3

Fitting the qualitative impressions this race, the most central actor in Arkoosh’s network

is the American Medical Association, whereas the most central donor in Boyle’s network is

the Boilermakers and Blacksmiths PAC (the IBEW was among the 10 most central donors).

These sub-graphs display two noteworthy trends. First, while Arkoosh raised more money

from more individuals in the primary, more of Boyle’s primary donors (61%) gave to multiple

campaigns in the previous cycle than Arkoosh’s (36%). Not only did a larger share of Boyle’s

supporters contribute in the previous cycle, they worked together more consistently. Boyle’s

supporters are more likely to be connected to one another – to have contributed to the

same campaign as one another – than Arkoosh’s donors, as is demonstrated by the denser

3Boyle’s END score is ⇡ .41 in the full sample, and ⇡ .43 in the sub-sample. Arkoosh’s END score is ⇡
.19 in the full sample, and ⇡ .13 in the sub-sample. In both situations, Boyle’s network is more than twice
as dense.
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Figure 6.2: Network Density for Boyle and Arkoosh
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Note: These graphs display the networks of Brendan Boyle’s (blue circles) and Val Arkoosh’s
donors (red squares) from the 2012 election cycle. For visualization, donors are only tied if
they contributed to 2 of the same candidates in the previous primary cycle.
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clustering and more numerous ties between actors in his network. The radial structure of

Arkoosh’s network shows a lack of connections between many members of her network. In

comparison to Arkoosh’s supporters, Boyle’s supporters work together more consistently in

their party’s primary.

The results from one race are insu�cient to conclude that dense networks of support

help determine the outcomes of congressional primaries. This is especially true given how

instrumental these cases were in the development of the underlying theory. While anecdotally

illustrative, these examples also fail to su�ciently address concerns of endogeneity. In the

following sections I will show that the support of the extended party network significantly

and substantively a↵ects the electoral prospects of candidates in pursuit of nomination, and

that this support is driving this relationship.

6.4 Network Density and Primary Outcomes

The main results of the logistic regressions are presented in Table 6.2.4 In the first spec-

ification, (1), I provide the simply bi-variate relationship between existing network density

and the likelihood of winning a consequential open-seat primary. The sizable, positive, and

statistically significant coe�cient provides initial evidence in support of the central hypothe-

sis. In the second specification, (2), I include controls for the logged value of total fundraising

in the primary and the total number of donors who also contributed to the national party,

but the results remain consistent. Not surprisingly, increased fundraising performance was

also associated with increased likelihood of primary victory. Fitting with Hassell’s (2018)

findings, larger numbers of national party donors also increases the likelihood of winning.

But larger dense networks should be more valuable than small dense networks, so in the

third model, (3), I interact the density of the network with the number of individuals in

that network. As anticipated, this interaction is positive and significiant. While one may be

concerned by the decrease in the magnitude of the END score coe�cient, if we consider that

4As part of the philosophy that the data used to form a hypothesis shouldn’t be used to test that
hypothesis, it should be noted that while the cases from 2014 are included in these models, all of the findings
are consistent if only years 1982 – 2012 are used.
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the average number of donors in an existing network is approximately 70, that provides an

estimated coe�cient of 3.82.5 Even after controlling for prior o�ce, (4), the e↵ect remains

robust. As noted prior, the data on electoral history is only available after 2000, and so the

sample in this model is reduced by two-thirds and only considers this time frame.

Figure 6.3 provides the results of model (3) graphically. The predicted probabilities

of primary victory where covariates are held at their means and medians are plotted with

solid and dotted lines, respectively. While convention is to hold covariates at their means,

I also present the model with covariates held at their medians on account of right-skew in

the distribution of donor counts. The shading around the line signifies the 95% confidence

intervals around those estimates. A two standard deviation increase in network density,

moving from 0 to ⇡ 0.5, increases the likelihood of winning a primary by approximately 15

percentage points for the median candidate, and nearly 50 percentage points for the average

candidate. This model also correctly classifies candidates as either winners or losers 2,978

out of 3,742 times, or in 80% of all cases. Figure 6.4 provides the results of model (4)

graphically. The predicted probabilities of primary victory where covariates are held at their

medians are presented and where candidate’s vary as to whether or not they have held prior

o�ce. Even with the reduced sample size, the e↵ect remains similar to e↵ects from model

(3). While omitted for brevity, these results also hold if modeled on experienced and novice

candidates separately. The additional information of prior o�ce explains little additional

variation in outcomes: of the 1,119 cases, this model correctly classifies 922, or 82%.

Figure 6.5 provides the receiver operating characteristic (ROC) curve for full specifi-

cation of the model presented in Table 6.2. A ROC curve is a graphical illustration of the

ability of a binary classifier, such as a logistic regression model, to correctly classify outcomes

as its discrimination threshold is varied. The plot is created by plotting the true positive

rate against the false positive rate at various thresholds (Swets 1996). A perfect predictor

would be a perpendicular curve. The area under the curve (AUC) is the probability that the

classifier will rank a randomly chosen a�rmative instance higher than a randomly chosen

51.420 + 0.034*70.55 ⇡ 3.819.
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Table 6.2: Existing Network Density’s E↵ect on Likelihood of Winning a Primary

Primary Win

(1) (2) (3) (4)

END Score 3.425⇤⇤⇤ 2.194⇤⇤⇤ 1.420⇤⇤⇤ 1.350⇤

(0.178) (0.176) (0.211) (0.545)

Donorst0 �0.006⇤ �0.006⇤

(0.002) (0.003)

Log Funds 0.194⇤⇤⇤ 0.161⇤⇤⇤ 0.192⇤

(0.036) (0.030) (0.083)

Party Donors 0.012⇤⇤ 0.001 0.004
(0.004) (0.001) (0.007)

Prior O�ce 0.464⇤⇤

(0.170)

END*Donorst0 0.034⇤⇤⇤ 0.028⇤⇤

(0.005) (0.009)

Intercept �1.948⇤⇤⇤ �3.339⇤⇤⇤ �2.915⇤⇤⇤ �3.972⇤⇤⇤

(0.061) (0.384) (0.286) (0.853)

Observations 3,755 3,742 3,742 1,119
Psuedo-R2 0.194 0.342 0.384 0.427
Log Likelihood �2,017.869 �1,770.451 �1,695.830 �472.992
Akaike Inf. Crit. 4,039.738 3,580.903 3,435.659 969.983
Year Fixed E↵ects X

Note: ⇤p<0.05; ⇤⇤p<0.01; ⇤⇤⇤p<0.001
Standard errors clustered by primary contest.
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Figure 6.3: Network Density and Likelihood of Winning Primary
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Figure 6.4: Network Density and Likelihood of Winning Primary by Candidate Quality
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negative one. In the context of this project, it is the probability that the model will cor-

rectly rank a winning candidate as more likely to win their primary than a candidate who

lost their contest. While there is no conventional rule of thumb, models with AUC’s greater

than .85 are generally considered reliable predictors in the social sciences (Ekelund 2012).

The symmetric nature of the curve in Figure 6.5 also suggests that the model is not biased

toward Type-I or Type-II errors. In sum, the models from Table 6.2 are reliable predictors

of candidate victory in congressional primaries.

Figure 6.5: ROC Diagnostics for Model 6.2.4
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Conventional wisdom describes the two major political parties as structurally di↵erent

institutions. The Democratic Party is often portrayed as a diverse coalition of economic and

social issues with numerous internal factions, where the Republican Party is often described

as more homogeneous. Regardless of the veracity of these claims (see Bartels 2018), it is

worth investigating whether the e↵ect of group support works di↵erently across political

parties. Figure 6.6 provides the results of model (4)’s specification estimated on Democratic

and Republican candidates separately. For both parties the e↵ect is positive and statistically

significant even after including the controls for candidate viability. While the point estimates

for Democrats is less than their Republican counterparts, we could not reject the hypothesis

that these estimates are drawn from equivalent distributions. In sum, the density of a

candidate’s network appears to be of bi-partisan value to candidates seeking their party’s

nomination.

Table 6.3 provides the results for similar models estimating the impact on a candidates

vote share. The relative magnitudes, directions, and significance of the coe�cients in this

model are comparable to Table 6.2’s logit models. A two standard deviation increase in

a candidate’s existing network density is associated with an increase of nearly 10% of the

vote. Given that the average di↵erence between first and second place in primaries over

this time period is also approximate 10%, network density has the potential to influence

the outcomes of many contests. I present these results mainly because the more granular

dependent variable allows for more precise estimates, which provides leverage in considering

the time trends.

The four plots in Figure 6.7 present the results of Table 6.2’s and Table 6.3’s model (3)

estimated annually from 1982 to 2014. The estimate for END scores impact on the likelihood

of winning a primary are presented in row 1 and the e↵ect on candidate vote share in row 2.

In column 1 the e↵ects for consequential open-seats are presented, where column 2 provides

the estimates for all consequential primaries. This includes primary campaigns by opposition

party members hoping to challenge incumbents in competitive districts. Point estimates are

shaded blue if they are positive and statistically significant, grey if they are positive but

statistically indistinguishable from 0, and red if they are negative. Of the 68 individual
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Figure 6.6: Network Density and Likelihood of Winning Primary by Political Party
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Table 6.3: Existing Network Density’s E↵ect on Primary Vote Share

Candidate Vote Share

(1) (2) (3) (4)

END Score 0.449⇤⇤⇤ 0.285⇤⇤⇤ 0.194⇤⇤⇤ 0.197⇤⇤⇤

(0.020) (0.023) (0.024) (0.053)

Donorst0 �0.0005⇤ �0.0003
(0.0002) (0.0002)

Log Funds 0.012⇤⇤⇤ 0.011⇤⇤⇤ 0.009⇤⇤⇤

(0.001) (0.001) (0.002)

Party Donors 0.001⇤⇤⇤ 0.0001 �0.0002
(0.0002) (0.0001) (0.0004)

Prior O�ce 0.044⇤⇤

(0.016)

END*Donorst0 0.003⇤⇤⇤ 0.002⇤⇤⇤

(0.0004) (0.001)

Intercept 0.162⇤⇤⇤ 0.134⇤⇤⇤ 0.160⇤⇤⇤ 0.097⇤⇤⇤

(0.006) (0.025) (0.024) (0.025)

Observations 3,755 3,742 3,742 1,119
R2 0.183 0.271 0.331 0.387
Adjusted R2 0.183 0.267 0.327 0.381
Year Fixed E↵ects X

Note: ⇤p<0.05; ⇤⇤p<0.01; ⇤⇤⇤p<0.001
Standard errors clustered by primary contest.
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Figure 6.7: Network Density and Primary Outcomes Over Time
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The first row of figures provide the estimated e↵ect of a candidate’s END score on the log-
likelihood of them winning a consequential primary. The second row of figures provides the
estimated e↵ect of a candidate’s END score on their vote share in a consequential primary.
The first column provides the estimates for only consequential open-seat primaries. The
second column provides the estimates for consequential open-seat primaries and the primaries
for out-partisans challenging incumbents in competitive districts.
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estimates, only 1 is negative, whereas 39 are positive and statistically significant.

Breaking the data into such small sub-samples leaves us with relatively few cases in a

given year, and to maintain comparability across time, no models control for prior elected

o�ce. As a result, these models may be somewhat uninformative individually. But col-

lectively they speak to the declining parties hypothesis. Not only are the e↵ects of party

network support generally positive across time, there is no evidence to suggest that there is

a decline in that relationship. The estimates are roughly equivalent both before and after

the Republican take-over of the House in 1994 and changes in campaign finance laws in

2004 – two cut-points that often demarcate shifts in political phenomena. So while there

formal party organizations may have a reduced role in the nomination of candidates, this

analysis finds little evidence that the network of party actors is at risk for losing sway over

the primary process.

***

Taken together, the results from this section suggest that existing network density is,

in fact, systematically benefiting candidates electoral prospects in congressional primaries.

These e↵ects appear consistent across time and parties at su�cient magnitudes to substan-

tively impact their campaigns. However, one obvious criticism is that these dense networks

are not causing their candidates to perform better in primaries, but are merely falling be-

hind the eventual nominee. In the next section, I summarize the evidence suggesting that

networks are, in fact, driving this relationship.

6.5 Bandwagons or Gatekeepers? Issues of Endogeneity

Are dense networks causing candidates to be more successful in primaries, or are more

successful candidates attracting denser networks of support? Without addressing the poten-

tial for reverse causality, this analysis would be unable to speak to the underlying importance

of group support. While far from the ideal, the following pieces of evidence suggest that net-

works are the drivers of this relationship.
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First, recent studies have largely found donor motivations to be expressive rather than

instrumental (Barber 2016a; 2016b; Gimple, Lee, and Pearson-Merkowitz 2008). This is not

to suggest that donors are not strategic. They are responsive to the competitiveness of the

election (Hill and Huber 2017) and give more frequently in races with the potential to increase

their party’s seat share (Boatright 2013). However, they “appear to give out of desire to

support causes they believe in rather than extract material benefits from politicians” (Albert

et al. 2018). In his study of national party donors to House (2018) and Senate (2016) primary

candidates, Hassell finds little evidence of bandwagoning in support of leading candidates.

Using a Granger causality model, he finds that early national party support appears to drive

later fundraising, rather than following early fundraising successes. In sum, little evidence

suggests that primary voters exhibit bandwagoning tendencies.

Second, as we can see in the PA-13 example, network support does not always coordi-

nate behind the frontrunner. If bandwagoning was the dominant driver of network behavior,

we would have anticipated seeing Margolies with the densest network. She had the pre-

vious Congressional experience, the name recognition, the fundraising strength, the early

endorsements, and TV ads featuring Bill Clinton. Table 6.4 surveys the (limited) public

polling available from the 11 cases studies in Chapter 4.6 Only 7 races had publicly available

polling, and only in Virginia’s 10th did the eventual winner lead in all available polls. In

North Carolina’s 12th and Michigan’s 14th the polling was inconclusive with large numbers

of undecided voters. In the remaining races the eventual primary winner was not the early

frontrunner.

Third, the models presented above control for three variables traditionally associated

with candidate viability: the number of campaign donors, the total fundraising of that

campaign, and the quality of the candidate as measured by previous electoral experience. If

donors are motivated solely by the desire to support the most viable candidate, we should see

the e↵ect of existing network density absorbed in models controlling for candidate viability.

6These are the polls archived on Ballotpedia’s entries for each contests and those that could be found online
through Google searches. It is possible that I am missing others, but like most data regarding congressional
primaries, there are no central repositories, nor is the universe of potential polling organizations known
beforehand to standardize monitoring.
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Table 6.4: Networks Beating the Odds

Lawrence Hobbs Clarke Foster DK

MIRS 25% 38% 22% 2% 13%
Lake Research 35% 27% 6% 0% 32%
Taret Insyght 22% 32% 15% 0% 31%

Boyle Margolies Leach Arkoosh

Global Strategy 15% 43% 7% 2% -

Graves Dietzel Claitor McCollough DK

JMC Analytics* 2% 11% 11% 1% 30%
Glascock Group* 4% 19.2% 20.3% 4.4% –

Moolenaar Mitchell Konetchy

EPIC-MRA 23% 50% 7%

Comstock Marshall Hollingshead Lind DK

Citizen’s United 44% 10% 3% 3% 30%

W. Coleman Greenstein Chivukula Zwicker DK

Monmouth 24% 25% 11% 6% 34%

Adams Graham Battle Brandon DK

PP Polling 22% 36% 8% 5% 15%
Hamilton Campaigns 26% 19% 9% 4% 29%
*Democratic candidates omitted from polls of LA’s Jungle Primary.
Note: Winning candidates in bold.
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Yet across model specifications the e↵ect remains positive, significant, and of roughly the

same magnitude.

Fourth, Table 6.5 again provides the results of the Granger causality tests described in

Chapter 4. As predicted, early fundraising advantages predict future fundraising advantages,

as does the early support from dense networks predict future support from dense networks.

More importantly, the results suggest that END scores Granger-cause candidate fundrais-

ing shares on primary day, in that early support from dense networks also predicts future

fundraising share. This provides us with some evidence that network support is in fact driv-

ing the relationships, and not following perceptions of candidate viability. The results are

most clear for donations made 90 and 180 days prior to the primary, but near conventional

levels of significance even at a year prior to the primary when a large portion of the sample

is missing – only about half of candidates have raised any funds a year prior to the primary

(1869/3961).

Finally, the trends presented in the previous chapter also help alleviate concerns of

endogeneity. If networks are simply supporting the candidates most likely to win, we should

observe candidates with network support, all else equal, dropping out of primaries less often.

Yet as the results of Chapter 5 demonstrate, all else equal, candidates with network support

are more likely to drop out than those without it. These results signal that the balance

of power between candidates and the networks that support them is biased in favor of the

organized interests. Jacobson’s “freebooting political entrepreneur” has no obligations and

a limited relationship with the party network, and as a result is immune to the pressures

to support the network’s preferred candidate. But those candidates tied into the party

network understand the important gatekeeping role these networks play in the distribution

of campaign resources necessary for this and any future contests. Those with future political

aspirations know that doing so after alienating the party is at best an uphill battle. Therefore,

these candidates are more likely to acquiesce in the face of party pressures. In sum, the party

networks are driving the relationship.
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Table 6.5: Granger Causality Tests of Fundraising Share and Party Support

Fund END Fund END Fund END
Share Score Share Score Share Score

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

ENDt�1 0.103⇤⇤⇤ 0.530⇤⇤⇤

(0.026) (0.016)

Fund 0.619⇤⇤⇤ 0.003
Sharet�1 (0.014) (0.008)

ENDt�2 0.108⇤⇤⇤ 0.495⇤⇤⇤

(0.029) (0.016)

Fund 0.555⇤⇤⇤ 0.005
Sharet�2 (0.017) (0.009)

ENDt�3 0.065† 0.406⇤⇤⇤

(0.036) (0.018)

Fund 0.401⇤⇤⇤ 0.016
Sharet�3 (0.021) (0.010)

Constant 0.123⇤⇤⇤ 0.223⇤⇤⇤ 0.150⇤⇤⇤ 0.263⇤⇤⇤ 0.234⇤⇤⇤ 0.319⇤⇤⇤

(0.023) (0.014) (0.025) (0.014) (0.032) (0.016)

Observations 2,539 2,461 2,356 2,297 1,869 1,850
R2 0.449 0.569 0.330 0.563 0.182 0.550
Adjusted R2 0.446 0.566 0.325 0.559 0.175 0.546
Year Fixed E↵ects

†p<0.1; ⇤p<0.05; ⇤⇤p<0.01; ⇤⇤⇤p<0.001

Notes : The dependent variables are fundraising share and END-score of the candidates
during the last 90 days of the primary. The independent variables are the same metrics
calculated based on donations before times t-1, t-2, and t-3, or 90 days, 180 days, and 360
days before the primary, respectively. All models include year fixed e↵ects.
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6.6 Discussion

This chapter sought to demonstrate the systematic influence of party network support

on the electoral prospects of candidates in consequential open-seat primaries for Congress. To

do so, I estimate the impact of an original measure of group or network support – existing

network density (END) scores – on the likelihood of winning a primary election. Across

time, party, and numerous model specifications, the e↵ect remained both substantively and

statistically significant. A two-standard deviation increase in existing network density more

than doubles the likelihood of winning a primary for the average candidate. And in contrast

to the declining parties hypothesis – these e↵ects generally do not appear to be decreasing

or weakening overtime. While the potential endogeneity of network support is cause for

concern, I provide evidence that suggests that network support is not bandwagoning behind

the most viable candidate. Most importantly, the results of the models presented in Tables

6.1 and 6.2 are robust to numerous controls of candidate viability (fundraising and prior

o�ce), and the Granger causality tests suggest that END scores are driving viability, and

not the other way around. Together, these data present a strong case for the influence of

party networks in congressional primaries.

Some of the limitation of this approach bear repeating. First, these networks are derived

entirely from federal campaign contributions, which while systematic, still limits the range

of potential networks that can be detected. It requires that these networks both make

contributions and do so to federal o�ces – two conditions that may not always be true. For

example, Brenda Lawrence’s network was primarily local in structure, consisting of local

female mayors and relationships she’d built during her tenure as mayor. Rudy Hobbs and

Hansen Clarke, in comparison, were tapped into primarily federal networks, through Hobbs

connection to Rep. Sander Levin and Clarke’s previous tenure in Congress. This may have

the e↵ect of artificially reducing the appearance of networked support among Lawrence’s

contributors in relation to her competitors. Future work will begin to incorporate state level

campaign finance data into these networks, but even this may miss some truly local donor

networks being activated at the federal level for the first time.
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While few networks observed in the field could be argued to fit this description, it is

possible that some networks do not use campaign contributions as a method of supporting

their chosen candidate. One possible example of this was the network of homeschoolers

and church activists that supported Barry Loudermilk’s campaign in Georgia’s 11th district.

Only a handful of insiders were willing to speak to us in this district, and so many of the

conclusions are quite speculative, but those we did talk to stressed the grassroots nature

of Loudermilk’s support. This was a group that was not frequently activated in primary

elections, but was well organized to advocate on behalf of homeschooling and faith-based

issues. The resources they brought to Loudermilk were believed to be primarily in the form

of labor: canvassers, phonebankers, and outreach to friends and family. Without knowing

more it is impossible to say for sure exactly how his network of supporters operated, but it is

possible that they eschewed financial support and instead focused on campaign volunteering.

Networks of this nature would not be detected by the methods presented in this chapter.

But these two limitations, while important to address for future work, systematically

underestimate the influence of networks of support. This method misses connections between

local contribution networks and overlooks networks of support not of a financial nature.

Therefore the e↵ect of network support on primary election outcomes is likely to be greater

than what is presented here.
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