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Abstract

This paper investigates betweeoter interactions in a social network model of turnout. It
shows that if 1) there is a small probability that voters imitaé behavior of one of their
acquaintances, and 2) individuals are closelynected to others in a population (the Osmall
worldO effect), then a single voting decision may affect dozestb@f voters in a Oturnout
cascade.O If people tend to be ideologically similar to other pdugjeate connected to, then
these turnout caades will produce net favorable results for their favorite careliday
changing more than one vote with oneOs own turnout decision, the turnowénisehtiis
substantially larger than previously thought. We analyze conditionsrénttverable tdurnout
cascades and show that the effect is consistent with redl setierk data from Huckfeldt and
SpragueOs South Bend and IndianaStlisouis election surveys. We also suggest that turnout
cascades may help explain oveporting of turnout ahthe ubiquitous belief in a duty to vote.

*I thank Robert Bates, Laisrik Cederman, Eric Dickson, Paul E. Johnson, Oritdfetary King,
Ferran Martinez | Coma, and Ken Shepsle for valuablebfaeidon earlier drafts.



How does the turnout diston of a single person affect an election? Decisimoretic models of voting
show that the probability of one vote being Opivdtablarge electorate is extremely small (Tullock
1967; Riker and Ordeshook 1968; Beck 1974; FerejohrFartha 1974 Fischer 1999; Fowler and
Smirnov 2007). Empirical models use election retuonsonfirm this finding (Gelman, King, and
Boscardin 1998; Mulligan and Hunter 2001). Becausentmaber of individuals in modern electorates is
guite large and interactions beten individuals are complex and unobserved, thesielnof turnout
assume that voters arelependendf one another. In other words, a single decisiorote affects no
other decisions to vote in the electorate.

Gametheoretic models relax the indepkamce assumption, showing that strategic interacton
play a significant role in the decision to vote (Laoy 1982, 1984; Palfrey and Rosenthal 1983, 1985).
However, turnout in these models is typically quiter because the cost of voting (gatheramgl
processing information, waiting in line at the podlad so on) induces most people to free ride on the
efforts of a handful of voters. In equilibrium, the impatan extra person voting is teducethe
incentive for others to vote.

This contrast with a growing body of empirical evidence suggestirag a single decision to vote
increaseghe likelihood that others will voteTurnout is highly correlated between friends, family, and
co-workerseven when controlling for socioeconomic status aecsion effectgLazarsfeld et al 1944;
Berelson et al 1954; Campbell et al 1954; Glaser 1Bib@kfeldt and Sprague 1995; Straits 19R0ack
1992; Kenny 1992, 1993; Mutz and Mondak 1998; Beical 2002) This literature illustrates the
importance ofocial interactions for political activity (see Zuckem in this volume), but unlike the other
literatures on voting it does not consider the impdichese interactions on aggregate turnout, election
results, or the incentive to vote.

This article bridjes the gap between these literatures by exploringrpact of a single decision
to vote on a socially connected electordfgeople choose whether or not to vote in part basethe
turnout decisions of their friends and acquaintances, éhsinglgperson may affect not only her

acquaintances, but her acquaintancesO acquaintaecasquaintancesO acquaintancesO acquaintances,



and so on throughout the population. Dependinghamacteristics of the social network, even a small
conditional correldon between acquaintances can cause a chain nedlctibleads to large aggregate
changes in turnout. | call this chain reactidnmout cascade

Several features of real world social networks mighdcfthe size of a turnout cascade. In
particula, | am interested in themall worldproperty. This is the idea that in spite of the |asige of
most social networks, people can connect themseédvese another through a very small number of
intermediaries.Using a small world network, | developrodel of turnout that suggests a single personOs
decision to vote can affect the turnout decisionewksal other people. Moreover, this increase in turno
tends to benefit the candidate preferred by the perstiating a turnout cascade becausehef high
concentration of shared interests between acquaintameeal political discussion networks. Therefore
the incentive to vote is largénan previously thoughtThis incentive is increasing in several features of
the social network that have elshere been shown to yield increases in turnout.ekample, it is
increasing in the number of interactions with peapit® vote(Ansolabehere and Snyder 2000; Gerber
and Green 1999, 2000a, 2000b; Brown et al 1999; GrdyCal 2000; Radcliff 2001; ariRladcliff and
Davis 2000) the clustering of social tie€6x et al 1998; Monroe 1977), and the concentratishafed
interests (Busch and Reinhardt 2000)might help to explain the Oduty to voteO normessad by
many and it implies a paradox of {rging about) voting that | explore in the summary.

The model also predicts a feature of individual leuehout that has previously gone unnoticed.
People with a mix of OstrongO ties to people ingbeial clique and OweakO ties to people outsiite th
cligue (Granovetter 1973) can initiate larger turnoutaedss than people with all weak or all strong ties.
Thus, they have a greater incentive to vote andflioeince others to do the same. Data from Huckfeldt
and SpragueOs Indianap@ts LouisElection Study (ISLES) confirms this effect on botmtwut and the
likelihood that an individual tries to influence acgaaintance. This finding has important implications
for the literature on social capital (e.g. Putham 2@@@puse it suggests thatreasing the density of
social networks helps encourage civic engagement afobint, but if they are too dense then civic

engagement may actually decline.



This article proceeds as follows. | identify several om@nt characteristics of larggealesocial
networks and describe a model developed by WattStodatz (1998) that features these characteristics.
This is used to place voters in a small world modiélmout in which people have a small chance of
influencing the voting behavior of thaicquaintances. | theneasure characteristics of real political
discussion networkom Huckfeldt and SpraguefSd. ES and the South Bend Election Study (SBES) in
order to define features of the model so that | can gémerrealistic estimate of thesiof turnout
cascades. | report the results of the model whertunisd to look like the network implied by the ISLES
and | also study the impact of changes in social/oek characteristics on turnout. Individilavel data
from the model is then uddo show that the density of relationships amongsnacquaintances has a
curvilinear impact on turnout cascades and thereforentiemtive to vote. This prediction is confirmed
by empirical models of turnout and influence in the ESL Finally, | refect on the importance of turnout
cascades for revising traditional models of voting smehmarize the results with implications for future

research.

Large Scale Social Networks

Watts and Strogatz (1998) identify three main featufesal largescale soial networks that should be
captured in any attempt to model them. First, timeteorks tend to bgparse with an averagdegree
(the number of ties a person has to other peoplesinéitwork) that is much smaller than giee(the
number of peopledf the network. Second, social connections are highistered That is, people tend
to form ties in tightlynit cliques in which everyone is tied to everyoneel$heclustering coefficienis

a measure of this property, giving the probability @mgt two individuals to which a person is tied also
have a tie between them (in other words, how likelytisat your friendOs friend is also your friend?)
Third, largescale social networks tend to exhibit #mall worldphenomenon. In spite of thedar
number of people in the network, there is a relatigbigrtaverage path lengtbonnecting any two

people through intermediaries.



Computer databases have recently made it possiblenfirm that a wide variety of larggcale
social networks are spasclustered, and have low average path lengthsex@ample, Newman
(2001a,b,c) and Barabasi et al (2001) show that acadmraiathorship networks in a wide variety of
disciplines are sparse, clustered, and have low agqrail lengths. Newman, et §002) also document
these properties for company directors of the Fortune 488MHollywood movie actors (see also Watts
and Strogatz 1998).

Though networks of academics and actors are suggedtivieat a network relevant for turnout
would look like, here is no guarantee that they would necessaril\béxhe same features. Fortunately,
several studies gfolitical discussion networksave been conducted in recent years that mightussip
estimate these features. In particular, Huckfeldt gragBeOs Indianapoi@t. Louis Election Study
(ISLES) and South Bend Election Study (SBES) ask tymjaaktions about political attitudes and
behavior, but they also ask respondents to name @eotl whom they discuss politics. These
OdiscussantsO arertitontacted to take the same survey (called a OahOveurvey). Though surveys
like these do not provide a fully connected map @frgone in the network and how they are tied to
everyone else, statistical information about theirti@tships and actities can be used to estimate

properties of the largscale political discussion network.

The WattsStrogatz (WS) Model

Once their features are known, how should these nesimknodeled? Until recently, attempts to model
large networks involved the fimation offixed random networksThese networks randomly connect
every person in the network to one or more other pdaplee network. While random networks can
yield the small world property of low average path léngith a low average degree, thgpically fail to
produce realistically high levels of clustering. Thigght have a critical impact on the flow of
interactions within the network since higher clusterfigcts the total number of paths between any two
individuals (see the AppendixOther attempts to model large networks place indaislon a twe

dimensional square grid and connect them to theiraséaeighbors on the grid (see Johnson and



Huckfeldt in this volume). This approach eases Viswspection of the model and achievégthlevels of
clustering, but the average path length between iidwdials is quite high meaning that these networks do
not have the small world property.

Watts and Strogatz (1998) develop an alternative mih@élcombines a highly ordered
underlying stucture of social ties with random OrewiringO of these Each individual is placed on a
lattice in which people are connected to a numbéheif nearest OneighborsO on the I4ttiEaen with
some probability each of these ties is deleted andmected to a randomly chosen individual in the
graph. One can think of each of these rewired coiorexhs a Oweak tieO (Granovetter 1973) that
connects an individual to another group of peoplside her core set of acquaintances. As the nuofber
theseweak ties increases, the graph becomes less ordedeahore like a random graph and both the
clustering coefficient and the average path lengthim=c However, the path length declines much more
rapidly than clustering, so for a range of rewiring @toilities this procedure produces small world
graphs that are highly clustered. The rate of rewiceng be tuned to match the features of a particular
social networkl too low and the graph will cease to display the $matld property, too high and the

level of clustering will be unrealistically low.

A Small World Model of Turnout

Mathematical details of the model and a short arad/tiescription are in the Appendix, but here | want
to highlight the main features. To study turnout edes in the cdext of a social network, the WS

model is used to generate a small world network witliven size, average degree, clustering coefficient,
and average path length. Each citizen in the nétigathen assigned an ideological preference on a one
dimensionéleft-right scale. This procedure allows us to control thgree of correlation in preferences
between neighbors. Next, each of these citizenssigaed an initial turnout behavior and then they are
randomly chosen one at a time to interact with @fnheir neighbors. In each of these interactions, there

is a small probability that a citizen will change h&rnout behavior to match the behavior of her



neighbor. Finally, after a given number of interacsidetween citizens and their neighbors hiaken
place there is an election between two candidates.

Turnout in the model is deterministic and endogendDsce citizens start interacting, cascades
begin to form at each point where imitation takes @laBome of these cascades are turnout casdagie
others are abstention cascades since people ardydiwedy to imitate either kind of behavior.

Moreover, these cascades may flow across one anotlamgioly some citizens back and forth between a
decision to abstain and a decision to votekiRg out the net effect of a single cascade amitiiese
interactions could be very difficult, but | simplify tiheocedure with a counterfactual. | allow one citizen
to remain unaffected by her neighbors. | then comffereggregate turnout outcerwhen she abstains
and when she votes, holding all else constant.

The model is based on several assumptions thabmayrealistic but are useful for keeping
things simple.For example, unlike other authors in this volumesiuase thatll social tiesare equal
There are no elites and no special relationshipss dgsumption does not seem unreasonable since
Huckfeldt and Sprague (1991) show that the likelihobihfluence between acquaintances does not
depend either on the degree of friendshipudggments of political competency. | also make the
assumption thaties are bilateralso that influence can run equally in either dirattid@his is contrary to
another finding by Huckfeldt and Sprague (1991). Whsekead to name other people with whdmey
discuss politics, many people do not name the geaplo originally named them as discussants (even
between husbands and wives!). However, their suresigd may be responsible in this case since
discussants were not asked directly if they knewpoks with the person who named them.

Note also that this analysisnst strategic | set aside this feature for future work because | want
to explore the simplest manifestation of the turnogtade phenomenon and how that might affect the
decision to wte. Like other decisiotheoretic work on turnout (Downs 1957; Riker and Ordekhoo
1968; Ferejohn and Fiorina 1974; Aldrich 1993) | assthmta rational individual is faced with a choice

that depends on the choices of all other voters. d¥aw this mdividual abstracts away from the strategic



problem by assuming certain uniform characteristichénpopulation (such as the propensity to vote) in
order to make her decision.

Related to this, | assume that peoplesaneerein their political discussins with one another.
This is not an unreasonable assumgtionany people say they vote because they do nottwaell their
friends and family that they did not (Knack 1992).pliwit in this explanation is the assumption thayt
also do not want ttie. However, individual level surveys indicatettassignificant number of people
who do not vote say that they di@ranberg and Holmberg 1991Strategic lying would probably
weaken the effect that political discussions havaanal turnout behavipbut | leave this feature out of

the model for now to keep things simple.

Features of Political Discussion Networks

The next step is to use real political discussietwork data from the ISLES, SBES, and other sources to
help us choose appropriatafares for the model. These features include theafittee network, the
average degree, the average number of interactiangée acquaintances, the clustering coefficient, the

average path length, the imitation rate, and the kative of preferencebetween acquaintances.

Size of the Network

McDonald and Popkin (2001) note that there are currertbut 186 million eligible voters in the United
States. However, modeling so many voters is comipatty intensive. A model with 1 million voters
takes several minutes to generate a single countedflaatid hundreds of thousands of these are needed to
do appropriate statistical analysis. Therefore, Itlitme number of voters and explore the impact of the
size of the electorate on turnout cascadeketiing the number of voters vary between 1,000 &@jdDO.

This means that results for larger networks like th@Beoting eligible citizens in the U.S. must be

extrapolated which makes stronger assumptions aheunbdel (King 2002).

Average Deree



Sociologists note that most people have about AA®@OO0 significant friendship and family
acquaintances (Pool and Kochen 1978; Freeman anuddmn 1989; Bernard et al. 1989). However, the
number of political discussants named in the ISLES8uUsh snaller.Of those who name discussants, 618
reported one, 797 reported two, 695 reported three, 488teeipfour, and 1065 reported five or more.
Unlike earlier studies (e.g. South Bend) that askegbleeto name a fixed number of political discussants,
the ISLES used an opeanded name generator, allowing people to name ag discussants as they
wanted to up to 5Since the sample is truncated the average of 3.16s$iants named is probably too
low. Itis also possible that people have difficuktgalling all the people with whom they discuss

politics, and privacy concerns may limit the numblediscussants they are willing to name. To be
conservative | will assume an average degree of ©A®ISLES but | will let this vary up to 20 to explore

the impact of network characteristics on turnout.

Average Path Length and the Clustering Coefficient

Very little is known about the true average path largftreal political discussion networks. However,
independent control over both the average pathiteagd the clustering coefficient in the WS model is
not possible since both are determined by the regvidite. Thus a rewiring rate is chosen that generates
a realistic clustering coefficient. There are two ddferestimates of the clustering coeiiéint using the
ISLES data because respondents were asked sepadifratath of their discussantaslkedto each of their
other discussants, and if each of their discusdareweach of their other discussants. The probability
that two of oneOs discustsaknow one another is about 0.61 while the prokigittiat they talk to one
another is 0.47. These numbers indicate that theofatieistering in the ISLES is consistent with other
social networks, but they raise an interesting qaastWhich measuris more relevant for a model of
imitation? Since discussion is the obvious wawhich people might send and receive information about
their turnout choice, the lower estimate based onisalised. However, it is important to bear in mind
that more csual relationships can have an effect on politicablr as well. As Huckfeldt (1984,

p.414) writes: Othe less intimate interactions thawe ignorefll discussions over backyard fences,



casual encounters while taking walks, or standirlinmat thegrocery, and so dw may be politically

influential even though they do not occur betweemmiate associates.O

Number of Interactions

Many interactions might affect peopleOs decisionte vior example, people might be affected by
merely observing theimcquaintancesO behavior (Do they vote? Do theyipatéién community or

group activities? Do they have a political signhrir yard?). They might also be affected by political
discussions with their acquaintances. Politicatussions are used &stimate the frequency of
interactions because the information about discusg®hetter than information about other kinds of
interactions. However, it is important to realizettiids makes the estimate of the number of interastio
conservative.

In the ISLES respondents say they talk with eacheif tiscussants about three times a week on
average, but how often are these conversations abbiitg 21.3% say OoftenO and 51.2% say
OsometimesO while everyone else says OrarelyO oi@iidnes numbers are also consistent with the
Comparative National Elections Study of the 1992 El8ction (Huckfeldt et al 1995). It is difficult to
translate qualitative responses into actual frequenbigt given the stated frequencies a conservative
intemretation is that about a third of these conversatmasbout politics. This means that people
probably have on average about one discussion a aregklitics with each of their discussion partners.
Another variable to consider is how long a timei@eiis relevant to the turnout decision. Lazarsfeldl et
(1944) and Berelson et al (1954) note that politicaduBsions are more frequent during campaigns. In
most countries candidate selection happens severghsprior to the election, but votetention is
probably increasingly focussed as Election Day appesmcio form a reasonable guess for the relevant
time period, note that the average primary in the dnB8&ates Presidential Election is held about 5
months (or about 20 weeks) prior t@theneral election. This means that respondentivin@ave around

20 discussions per discussant during the most sgleitd for their turnout decision. This number might



seem low to some and high to others, but since lonatbers are conservative liMet it vary from 1 to

20 when exploring the impact of the number of disarssion turnout.

Imitation Rate
It is well known thatdurnout is highly correlated between friends, familyd ao-workers (Lazarsfeld et al
1944; Berelson et al 1954; Campbatilal 1954; Huckfeldt and Sprague 19®kitz and Mondak 1998;
Beck et al 2002) For example, Glaser (1959) finds a strong relationishiipe turnout decision between
spouses. More recently, Straits (1990) confirms GlaBedig, andKnack (1992, p137) notes that
many people vote because Omy friends and relativestilways vote and I'd feel uncomfortable telling
them | hadn't.OThe literature on mobilization also shows that aglirople to vote is an effective tool
for increasing turnout (e.gVielhouwer and Lockerbie 199Gerber and Green 1999, 2000a, 2000b).
Even individuals who are unaffiliated with organizedhifiaation efforts may attempt to influence the
turnout behavior of their peers. 34% of respondentlserlSLES say they triei convince someone to
vote for their preferred candidate, indicating that ympeople believe there is a chance others will iritat
them. These efforts might be aimed at influencing \attoice (see Levine; Johnston and Pattie;
Huckfeldt, Johnson, and 8gue;and Jennings and Stoker in this volume), but theg ebnvey
messages about whether an election is importanttpand this might affect their decision to turnout.
How much of this correlation in turnout behavior is doémitation rather thamdividual
incentives and status variables that happen to tvelated between peers? Using social network data
from the SBES, Kenny (1992) develops a simultaneougssipn model of respondent and discussant
turnout, controlling for age, education, @ame, interest in politics, and strength of party idfamtion. He
finds that respondents are 15% more likely to turifoarie of their discussants votes, which is close to

what one would estimate if one looked at the singpleelation (! =0.2). This effect also extends two

steps to one@sscussantsO discussainsthe SBES validated turnout is 75% among respatsdehose

discussants reported that thleir discussants voted compared to 61% for those repoltiegst one
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abstentn. In the ISLES data perceived turnout among disati€sadiscussants is 92% for respondents
who say they will vote and 78% for those who say tivélynot.

These numbers may represent the total effect of imitdtut they do not give us tiper
discus#on imitation rate required by the model. One mightkhimat the imitation rate can be inferred
from the number of discussions and the total effectftigtmisses the important point that imitation also
occurs between a discussant and each of her dib@issants. In expectation these other relatioasttp
to moderate the influence of a single turnout decjssortheper discussiommitation rate should be
higher than a simple probability calculation wouldign(see the Appendix)ln principle arealistic
imitation rate can be selected by changing it thglmodel correlation matches real correlation in
turnout. If respondents base their answers aboutgaldiscussions on their past month of activity, then

an imitation rate of about 5% ieeded to generate a turnout correlation with acqaades ( =0.23)

and acquaintancesO acquaintandes @.13) consistent with the ISLES data.

Concentration of Shared Interests

A consistent finding in the sociabting literature is that people tend to segregatmsigdves into like
minded groups. As a result, most social ties aredah people who share the same interests. When
people with ideological or clagsased interests are not surrounded bytiladedindividuals in their
physical neighborhoods and workplaces they tend todraw and form relationships outside those
environments (Huckfeldt and Sprague 1987, 1988; Mdddumann 1984; Finifter 1974; Gans 1967;
Berger 1960). Thus preferences betweemaicgances tend to be highly correlated.

The concentration of shared interests does not afieadtturnout, but it is very important faret
favorable turnout If there were no correlation in preferences, then amotut cascade could be expected
toinclude as many people who disagree as agree. dffitelation, however, turnout cascades are more
likely to affect likeminded individuals and yield net favorable changef@Os preferred candidate in

expectation. This means that in environments wittigh concentration of shared interests the incentiv
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to turnout might be magnified by the number of {tkéded individuals one can motivate to go to the
polls.

The model allows us to fine tune how closely neigktshare interests with one another.
Huckfeldt, Johnson, and Sprague in this volume shoaviomber of ways how concentrated interests are
between discussants. The most relevant to the Inhede is the correlation between sedported liberals
and conservatives, which is about 0.66 inlBleES. The correlation between Republicans and
Democrats is somewhat lower at 0.54. It is worth pognout here that these estimates are based on
interviews with both the respondent and the discussasing the respondentsérceptionof how liberal
or conservative their discussion partners are causestteentration of shared interests to be even higher
because people tend to overestimate the likelihbattheir associates hold their own political
preferences (Huckfeldt, Johnson, Sprague, and/Qf02; Huckfeldt and Sprague 1995; Fabrigar and

Krosnick 1995).

Results
Turnout in a Social Network Like the ISLES
Figure 1 shows the distribution of turnout results whesingle person chooses to vote in a social network
with features very similar tde political discussion network in the ISLES. Netfust that the size of
these turnout cascades varies widely. In the left gratahh change in turnout varies between 1 and 25,
indicating that small differences in local configurasccan generatertge differences in the size of a
particular turnout cascade. The modal change in taisdubut 82% of the time it is greater than one
and the average change in turnout is about 4. Thasthas citizen can expect to change the turnout
decision ofabout 3 other people with her own turnout decision.

Not everyone in a turnout cascade is likely to héneesame preferences, though. Some people
motivated to vote will choose the left candidate attters will choose the right. How does this affeet t
aggregate outcome of the election? The right gragfigare 1 shows the distribution in the Onet

favorable changeO in the vote margin for the candidaferped by the person making the decision
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whether or not to turnout. Once again, the outcomegwidely, with a substantial portion of them
falling below 1. The graph shows that about 8% oftitme the vote margin for a citizenOs preferred
candidate actuallgecreasedecause her favorite candidate@onengains a greater portion of the
votes inthe resulting turnout cascade. Another 8% of the tier turnout has a net neutral impact on the
vote margin. However, since citizens are embeddeetiworks of shared preferences, the decision to
turnout usually leads to a net gain for oneOs prdfeamdidate, and this net gain ranged up to 18\ate
the simulation. Again, the modal change in theevoargin is 1 but 60% of the time it is greater tham on
and on average the preferred candidate gains 2.4 vistegher wordsa citizen can expéc¢o increase

the vote margin of her favorite candidate by abidtd 3 votes with her own turnout decision.

Turnout in a Variety of Social Networks
Figure 1 is based on features estimated with the fuselitical discussion network survey data, but the
true social network might be somewhat different. Tarabterize how features of the social network and
assumptions about citizen interactions affect the eegesize of a turnout cascade, | randomly search the
feature space near the estimates | derfv@th the ISLES and run the model hundreds of thousahds
times. As in the model based on ISLES, the sidadifidual turnout cascades varies widely, ranging up
to 100 in the 343,300 election counterfactuals satad. However, thexpectectchange indrnout only
ranges up to 18 when these counterfactuals are avefi@peach unique social network.

Figure 2 shows the results of this exercise. Eatd piaint in the graphs represents the expected
size of a turnout cascade for a social network gertate unique combination of features. Itis
difficult to conceptualize six dimensions at oncd poesent six graphs, each showing how turnout
changes with respect to each feature of the modet. sbhd lines on these graphs indicate the mean
effect m expected total turnout generated by locally weigpelynomial regression (LOE8Ssee
Cleveland 1979; Cleveland and Devlin 1988). Sufficeatistics for the feature space searched are

presented in the Appendix.
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Notice first that turnout cascades de increase strongly with the number of discussansthe
probability of imitation since each discussion iseavropportunity to change someoneOs mind and start a
chain reaction in the populatiomhis finding is consistent with studies that showbitiration efforts
increase turnout (Ansolabehere and Snyder 2000; GengeGreen 1999, 2000a, 2000b), especially
when they are carried out by unions and labor pattigsttave ties to their target audience (Brown et al
1999; Gray and Caul 2000; Radc®®01; and Radcliff and Davis 2000).

Clustering and the average degree also have a posffac on the turnout rate, though the effect
is weaker than others previously mentioned. As tivalyer of acquaintances or the probability that oneOs
acquaintanceknow one another is increased, the number of petiveeen individuals increases
dramatically. This increases the number of ways glsiturnout decision can be transmitted to other
people in the population, but it also exposes g@rhon in a turnoutascade to a larger number of
external influences that might end the cascade. cidsscutting effects cancel one another to a large
degree, but the overall effect on turnout remains p@sitirhese findings are consistent with recent
empirical work orsocial capital and aggregate turnout. In partic@@ax et al (1998) show that social
density is related to higher turnout in Japan andfdet{1977) shows that rural areas in the United States
where social network connections are more clustered lmagh higher turnout than urban areas in spite
of lower levels of education and income.

The total number of citizens in a network has omeey small effect on the average size of
turnout cascades. | originally believed that the sfzirnout cascadewould scale strongly witiN
because of the increased number of people who mightflbenced by a cascade. However, the small
effect indicates that turnout cascades are primbrdgl phenomena, occurring in a smaller parthaf
population with short path lengths to an individual.

Finally, notice that the small world phenomenon agsonounced and nonlinear effect on
turnout. As the average path length drops, thedfiflee turnout cascade rises quickly. In fact, Fiddire
shows that there is a power law relationship betvweerout and the average path length. The size of the

turnout cascade is proportional to the inverse of the square root ofatrerage path length
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T L2,
This relationship sggests that turnout might be even higher than estisnafFor example, in the model
based on ISLES the average path length is abodt20X it is dropped to the Osix degrees of separationO
reported by Milgram (1967) then expected turnout woewen fgher by about
83%. No one knows the true average path length fgpiaal political discussion network, but this resul
indicates that it might be very important for how mumtiuence a single individual can expect to have.
How favorable are turnoutascades to the people who initiate them? Eachmant in Figure 4
plots the net favorable change versus the total aghamturnout for a given network. For all simulations
there is a strong relationship between net favorabletirand total turnduand nearly all of the
variation in this relationship can be explained byfgnence correlation. To demonstrate this, the

expected relationship for three different samples, thdbemedium (! =0.5+0.025), mediumhigh
(/ =0.8£0.025), and high ( =1.0+0.025) concentrations of shared interests are plotted. inlyt as

preference correlation approaches 1, the net favorhlblege approaches the total change in turnout
because the turnout cascade is affecthany people with the same preferences. As it agpes 0, the
net favorable change approaches 0 because the preferaimeople affected will be more evenly
distributed between left and right.

This implies an important findingThe high concentrain of shared interests in social networks
may magnify the incentive to participatn a social network where preferences are randomly loliséndl,
the counterfactual impact of a single vote on the@me of the election will be just thé& single vote.
However, if my turnout behavior has a positive impacthe people who surround us and they share my
interests, then the counterfactual impact of a singte on the outcome of the election may be several
times a single vote. Therefore, the incentiveote should be higher when conditions are favorfyle
turnout cascades and it should be increasing indheentration of shared interests. This helps to @xpla
the finding byBusch and Reinhardt (2008)atgeographic concentration of shared iests increases

aggregate level turnout.
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The Curvilinear Effect of Local Clustering

Though the small world model of turnout produces effg@sare consistent with studies of
aggregate turnout, the question remains: do turn@gackes really create iivitlual incentives to vote?

To answer this question, individual level data trstering from the model using the ISLES is regressed
on the net favorable change in turnout (see Tab®).AThis relationship should be very noisy becatse i
involves indivdual turnout cascades like those in Figure 1 rattaar &xpected turnout cascades like
those in Figures 2 and 4. However, in spite of thiesFigure 5 shows that there is a curvilinear
relationship between favorable turnout cascades angdrtibabilityoneOs friends know one another.
Moderate levels of clustering yield more favorable tutr@ascades than either very low or very high
levels.

Why might this be the case? Clustering increasesuhgber of paths available to influence other
people in tle network. People with acquaintances who do nowkome another can only affect their
acquaintancegirectly, but when these acquaintances know one anotbpeits up new paths to
influence thenindirectly. Moreover, this multiplies the number of contiens one has to the rest of the
social network via these new paths. At the extrdrowiever, individuals in groups that are very highly
clustered may have several paths of influenitbin the group but they will also hayewer connections
to the resbf the social networkecause there are constraints on the number of redaijms a person can
have. In the model this is imposed by the inittaice of the average number of discussants, butane
imagine that in real life people only have time taimtain a finite set of relationships so tighkgit
groups tend to keep to themselves.

The model thus predicts a curvilinear relationshipveen clustering and turnout, but does this
exist for real data? The proportion of each respongeig@ussanteho know one another in the ISLES
is regressed on vote intention (see the Appendigurgi4 shows that a statistically significant
curvilinear relationship existsrespondents with a mix of friends who do and do notwkpne another

are about 1.5% motlkely to vote than people in dispersed or highlystéwed groups. To see if this
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difference in turnout is related to the desire to créaterable turnout cascades, clustering is also
regressed on the sadkpressed desire to influence others to votefcertain candidate. Here the
curvilinear relationship is even stronfiepeople with moderately clustered acquaintances aret&@96
more likely to try to influence others than those ispdirsed or highly clustered groups. Turnout cascades
may not exst, but these findings suggest that people bedievethat they do.

This finding has important implications for the litenst on social capital (e.g. Putnam 2000).
This literature argues that civic engagement will lgghér in societies with more clestd social ties.
The model suggests that this is true, but only up ¢ertain point. When relationships become too
clustered, individuals lose touch with the rest &f $slocial network and are less able to influence
participation beyond their circld acquaintances. This reduces their individual itiges to be engaged
in civic society and encourage others to do the safyseKotlerBerkowitz and Gimpel, Lay, and
Schuknecht argue in this volume, diversity in one€alsmnnections can increase theentive to
participate by opening up new paths of influence @ famm the rest of the network. However, the
model also suggests that too much diversity hurtsgiaation because it increases the likelihood that

participation will be stimulated amgrpeople who do not share the same interests.

Turnout Cascades and Rational Models of Voting

The existence of turnout cascades suggests that peeriodels of turnout have underestimated
the benefit of voting. Decisietheoretic and gamtheoretic model assume that the expected value of
voting is the benefit one would receive by having@séavorite candidate elected times the probability
that oneOs vote matters to the outcome (Downs 1988¢cR 1967; Riker and Ordeshook 1968; Beck
1974; Ferejohn anBiorina 1974; Ledyard 1982, 1984; Palfrey and Rosert®8B, 1985). This
probability is extremely small because a single wotly matters in two cases: if the election resultarin
exact tie or a ongote deficit for oneOs favorite candidate. Thexetbeen several variations of this
argument, but they have in common the idea thaptbkability of being pivotal in large electorates is

inversely proportional to the number of people in theleho However, since turnout cascades mean that
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a single tunout decision can change the margin of victory by ntlwae one vote, they should increase
the probability of being pivotal. For example, ifaege electorate the probability that a favorable cascad
of two votes is pivotal is approximately twice thelpability that one vote is pivotal. Three votes
approximately triples the probability, and so on. &alizing, this means théte expected benefit from
being pivotal is proportional to the net favoralgleange in the margin of victory yielded by a toun
cascade

Fowler and Smirnov (2007) develop an alternative Oigy@ model of turnout that typically
yields much higher expected utility than the pivotadel. If politicians use the margin of victory et
past election to adjust their future fitams, then each vote has a marginal impact on fytalieies.
Therefore, people may have an incentive to signél greferences by voting even when they would not
be pivotal. Fowler and Smirnov show that the sigmgpbenefit from voting is propodhal to the change
in the margin of victory, so a net favorable changeiinout of two votes would double the benefit, three
would triple it, and so on. Thubke expected benefit from signaling is also projpoidl to the net
favorable change in the mgin of victory yielded by a turnout cascade.

Turnout cascades should have an effect on other kihblsnefits, too. For example,
consumption models of voting assume an additioaakfit derived from fulfilling oneOs civic duty to
vote (Riker and Ordestok 1968; Jones and Hudson 2000; Blais and Youn§;1Blais, Young, and
Lapp 2000; Rattinger and Kramer 1995Jhough it is difficult to quantify how a turnout casle would
affect the duty motivation, | note that many civicydoiodels emphasize the salcaspect of voting and
argue that people derive utility from contributing tpublic good. This suggests that they might derive
additional benefit from voting if they knew they werduencing others to contribute to that good. Thus,
the benefit fronfulfilling oneOs civic duty might also be incregsimthe size of turnout cascades

Thus, turnout cascades multiply the benefit assatiatth deciding to vote in a number of
models. But can they make a rational model of turptausible? If we muiply the pivotal and
signaling motivations by the conservative estiméita 2.4 voter net favorable change in the margin of

victory, the cosbenefit threshold at which voting yields positive egfed value is no more than 1:5000
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for a one million persoelectorate. In other words, OrationalO voting requires that thefibérom being
able personally to choose which candidate wins libgtioen must be at least 5000 times larger than
whatever costs are incurred by voting, such as lea@tiogt the canmaign, waiting in line at the polls,
and so on. What if we use a lesmservative estimate? Changing the average pajthlérom 20 to 7,
the number of acquaintances from 4 to 20, and thieglmitity that acquaintances know one another from
0.4 to 0.6 m a network like the ISLES generates an expected ehiartgrnout of 14 and an expected
increase in the margin of victory of 8.4 votes. Thiamges the codienefit threshold to 1:1500, which
may still be too low to explain most turnout. Thusile turnout cascades make rational voting more
plausible than previously thought, we are still lefthwAldrichOs (1993) conclusion that rational voting

must be a Olow cekiw benefitO activity.

Summary and Discussion
The model of turnout in a large scalewetk suggests that a single personOs decision taffetts the
turnout decision of at least four people on average@iurnout cascade.O Given the high concentration of
shared interests between acquaintances in realgablitiscussion networks, thiseans that a single
decision to vote can increase the vote margin for qmrefasred candidate by at least two to three votes.
Therefore the incentive to vote, whether it is bameaffecting the outcome of the election or some other
benefit related tournout, is largethan previously thought.

Turnout cascades and the incentive to vote areasarg in several features of the social network
that have been shown to be associated empiricatty iggher turnout.In particular, they are increasing
in the number of interactions with people who v@asolabehere and Snyder 2000; Gerber and Green
1999, 2000a, 2000b; Brown et al 1999; Gray and Caub2Radcliff 2001; and Radcliff and Davis
2000) the clustering of social tie€0x et al 1998; Monroe 197, and the concentration of shared
interests (Busch and Reinhardt 2000). The model alygests that there is a power law relationship

between turnout cascades and the average distaveedneany two individuals in the network: as the
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world gets smalle the capacity to influence others increases expaibrnand so should the incentive to
participate.

At the individual level, the model predicts a feataféurnout that has previously gone unnoticed.
The relationship between the size of turnout adses and the number of oneOs acquaintances who talk t
one another is curvilinear. In the language of Gratien€1973), people with a mix of OweakO and
OstrongO ties can initiate larger turnout cascadepéiople with all weak or all strong ties, ahey
therefore have a greater incentive to vote and to infle@thers to do the same. Using data from the
IndianapolisSt. Louis Election Study, | find exactly this effext both intention to vote and the
likelihood that an individual tries to influea@n acquaintance. This suggests a revision tedttial
capital literature. Civic engagement does not increaseotonically as the density of social relationship
increases. When these relationships within a grogprbe too dense, civic engagemectually declines
because people are less connected to the rest etysoci

The model suggests a possible explanation for whypawy people assert that there is a OdutyO to
vote (Riker and Ordeshook 1968; Jones and Hudson 2000; &idi&¥ oung 1999; Blai Young, and
Lapp 2000; Rattinger and Kramer 199%stablishing a norm of voting with oneOs acquaiesis one
way to influence them to go to the polls. Peopl@whb not assert such a duty miss a chance to influenc
people who share similar viewsjdthis tends to lead to worse outcomes for their fe@andidates. In
large electorates the net impact on the result nightbo marginal to create a dynamic that would favor
people who assert a duty to vote. However, argunadrgat the civic dutyo vote originated in much
smaller political settings like town meetings whehanging the participation behavior of a few people
might make a big difference (de Tocqueville 1835). burfe work | will explore the dynamic of
changing electorate size amder to see if a duty to vote emerges as a strategiyatl electorates and
remains as the size of the electorates increases.

The model also suggests a ngaradox of (not lying about) votind assume that all people in
the model are sincere, but wedw that some people lie about voting. Supposalees some people to

be strategic in their discussions. If they belichag their political discussions can cause turnoutades
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among sincere voters, they may tell other peoplettteat vote in ordeto increase the vote margin for

their favorite candidates without even going to thiéspdn fact, as long as they know they share interests
with others around them, they can do this withoutwing anything about the coming election since their
acquaimances are likely to vote how they would vote ifithh@ok the time to learn about the candidates
and make a decision. This may help to explain wgpporting of turnout in election surveys, but it raises
another question: if people are strategic, why wdahey ever say that they do not vote?

Finally, future research should investigate turnoutadss in alternative network models that
allow for more realistic average path lengths. Theditee on preferential attachment and sdade
networks noteshat another feature of many real networks is a pdsawerdistribution of the degree
(Albert and Barabasi 2002). In other words a very largatrar of people may have only a few
acquaintances (as in the WS model), but a very srmaaiber of people may hawsubstantially more.
These Ocritical nodesO would help to reduce thegaveath length to realistic levels, but | do not know
if they actually exist in political discussion netiks. The ISLES only allows people to name five
discussants, and with sew data points it is hard to tell if there is actyalpower law in the distribution
of the degree. Future election surveys with socialoet questions should ask people to estimate how
many people they have political discussions witth can get aense of this distribution and use it to

make my large scale network models more accurate.

Appendix
The Model

| start by placingN citizens on a closed ostBmensional lattice (a circle witiN equidistaih
points on it). Each citizen is adjacent to citizens+1 (modN) andi! 1 (modN). | assign each
citizeni an ideal point in oneimensional issue spad@! [0,1] such thatQ =/ (i/N)+(1#! )" where
! is a uniform random variable distributed fh1] and0<! <1 is a feature that can be adjusted to

control the correlation betweehe preferences of adjacent citizens. Notice thenw =0, preferences
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are randomly distributed on the unit interval, wherehsw =1 the preference of thH& citizen
correlates very closely with thejadent citizen:Q =Q,, +1/N.

Next | construct a pattern of social ties thatsireple(no more than one tie between two
individuals)undirected(each tie goes in both directions) amdveightedno tie is given greater

importance than angther tie). A tie between citizensand j is denoted by(i, j) andk is thedegree

or the total number of ties connecting a particulazeitito otheritizens. | assume the graph is

connectedso k >0! i. Each citizen is connected to th& most adjacent citizens on the lattice
i+1Li+2Ki+k/2 (modN)andi! 1i! 2K i! k/2 (modN), wherek is restricted to be even. A
number of OshortcutsO are then introduced by randombyirey each tigi, j) with probability 0< ! <1
and replacing it with a tie to a randondigosen individud(i, j!), j'" i. Since the graph must remain
connected, only citizens with degr&e>1 are eligible to have a tie rewired.

At time t = 0each citizeni israndomly assigned a turnout behavior such thatl (vote) with
probability pandV, =0 (abstain) with probability1! p) . In the first round at timé¢ =1 Nk interactions
occur one at a time in which a t{&, j!) is chosen at random and with probabilgycitizen i imitates
the turnout behavior of tizen j: V, =V,. The round is then repeatd times until the end of time

t =D . This allows each citizen to interact with ea¢His or her neighbor® times on average. Then
in periodt =D +1 an election is held in which each citizen that thasided to turnout casts a ballot for

the left candidate iQ <0.5 and the right candidate @ ! 0.5.

Analysis

What is the probability that citizef is affected by citizen Os decision to turnout? Suppose the simplest
case, where there is only opathbetweeni and j and they are directly connected by a single tie. A
decision to turnout by increaseghe probability thatj turns out byq( ! p), or the imitaéion rate times

the probability that the neighbor was not already gamturn out. Similarly, a decision to abstain
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decreaseshe probability thatj turns out bygp . Changing oneOs decision from abgartb turnout
should thus makg more likely to turnout byg( ! p)! (! gp) =qg. This is an important result because it

suggests that turnout cascades do not depend @i fnihout probabilities in the population.

Citizeni is not the only one with a chance to influenicl she might imitate any of her
neighbors with probabilityg. The order of their interactions is extremely impatithif i is the last

discussant she does not have to worry about her irdféubaing undone by a later discussant. If she is the

secondto-last discussant, however, there is a chance fhatitatesi but then later imitates the last
neighbor. Thus the probability tha®s influence remains must be multiplied by the prbtyathiat

j does not imitate the last neighbay@! q). If i is thirdto-last, the probability would be reduced still
further to q(1! g)?, and so on up tg(l! g)**. Since discussions take place in random ordetotiaé

probability thati affects j must then be averaged over each positionight have in the order:

1
il @ )

If i and j have D >1discussions, then the probability of imitation becsrimereasingly
complex to model analytically. For example[Df=2 andk =2, theni has two discusens with j, but
j also has two discussions with her other neighbdt lfea h). These discussions occur in
(Dk)!/[D!(D(k! 1))!] =6 combinations with equal likelihoodihh,ihih,ihhi, hiih, hihi,hhii. If i gets
the last two discussions, she does not face thehilatgsof having her influence reversed and the
probability of imitation is simply the complement efd failures1! (1! q)(1! q). However, ifi Os
discussions occur second and fourth in the sequemerst include the possibility that the third discossi

with hreverses any imitation that takes place in the sedesulission withi : 1! (1! q(1! q))(1! q).

Following this logic, the total probability of imitah is

%' Y él(l! a(w! a)*)

2
1
a=0a,=a,
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and | can generalize the probability for &l and k :

DIOGL MU g r g@ a) )

(Dk)' =0 a=a  ap=ap; b=1
Now suppose that and j are not directly connected, but they share a singjghbor in

common. If so, then the probability of imitation is

"D! (D(k! 1))|D(k'1)D(k'l) D(KI 1)
CL/Z)%W ES:O agz L (aD 1]_| (I_I (1| q)ab)i//ﬂ

since there is only a 560 chance thai Os neighbor is influencpdor to her discussions wit and now
boththe neighbor and must imitate the neighbor before them on the pathis generalizes to

Li! j

SHDID(k" D) 2K DDKD DK"Y D $
w2 Y g ), ), ) v ey
' (Dk)! &=0 &=a  ap=apy b=l

where L is thepath length or the number of ties on the path betwéesnd | .

Relaxing the constraint of a single path betwveach pair of citizens complicates things

considerably. Each path represents another way foraffect j, so the expected total must also be
summed over the total numbeiof these paths:

]

P e 1 #DI(D(k" 1)) PV OKD “> " .
2:1(1/2) - ! ((I:gk)l )) 21:0 32231 ap= aDll (I- (1 q)ab)g

For even small graphs the number of these paths gramsicatorially with the average degr&eof the

graph. It also grows quickly as the number of shortioate/een paths grows. To see why, consider the

effed of a single extra tie between oneOs neighborspoSem network with five citizesA, B,C, D, E}
and four ties(A, B),(A,C),(B,D),(C,E) . A connects to each of the four members of this grajduin
unique @ths: (A! B),(A! C),(A! B! D),(A! C! E). What happens if there also exists a tie
(B,C)? This opens up four new patfis:!! B! C),(A! C! B),(A! C! B! D), and

A! B! C! E). Thus, as the number of shortcuts increases, sothegmsibility that some of the
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citizens on a path betweénand j have more than one path between them. | do remnattto
characterize the exact number of paths for a given smaaltl graph. Instead | usegraph statistic that
relates to the number of shortcuts in a graph. Thizeslustering coefficientpr the probabilityC that
any two of a citizenOs neighbors are also neighborowéttanother.

Finally, the expected tat change in aggregate turnolitwhen citizeni decides to turnout

would then be her own vote plus the sum of thesegtnitiies for all citizens:

i

_ N"1 P L?‘ Jl#Dl(D(k" 1))| D(k"1) D(k"1) D(k"1) . D . . a $Ll‘7!
T=i+) ) W o) ) ) ! *_(1 a(t" a) )ﬁ
j=1b=1 =0 &=  ap=ay b=1

It should be clear by nownat the complexity of this problem makes very ifidiflt to study in closed
form. | therefore analyze the model computationally.

To determine the effect of a single turnout decisiahoose featuregN;k;! ;" ;q; D} to

generate a social tveork and randomly choose a single citizen to beodEgWhen Ego interacts with her

neighbors she never imitates their behavapy, =0. | run the model first assuming that Ego abstains

V

ke = 0. Ithen run it gain with the assumption that Ego vol4g, =1, holding all features and the
realizations of all random variables constant. | camparnout at time = D +1 for both cases and then
generate expected values by ratireg this procedure for a given social network 10@gnassigning a
different citizen to be Ego every time. | then chatigefeatures that generated the network and start
again.

To characterize the general behavior of the modiraw random featuseon a uniform
distribution over the range of relevant values. T#bl2 shows statistics for the features that were used
to generate the results in Figures 2, 3, and 4. tébie also summarizes graph statistics. Exadsstat

are computationallyntensive so | use sampling techniques to estimata.tH measure preference

correlation (! ) by randomly sampling preferenc& and Q; from 10,000(i, j) ties and finding the

PearsonOs correlation. | measure the clustering coef{i€l§rby randomly sampling 10,000 Oconnected
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triplesO in which there are ties betwdgr)) and (j,h). C is the proportion of these triples for which
there also exists a ti@,h) . Finally, | measure average path length by randomly choosing a citizein
and aeraging the shortest path betwedeand j for all j. | repeat this procedure 100 times and average

the averages.
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Endnotes

! It is worth noting here that the small world property midramatically affect the results in Johnson and
Huckfeldt since information tends to flow more quickiyough small world networks.

2 The term OneighborO is not restricted to someonéswhgsicaly proximate. In the context of a social
network the term simply means someone with whomrsgmehas a connection.

% A wide variety of threshold models do incorporatetegic behavior, especially those used to explain
spontaneous collective actitike mass protests (e.g. Lohmann 1994; Kuran 1989111995; Birchoux
and Johnson 2002). However, they do not attempsécempirical data to generate predictions for real
networks, nor do they consider the impact of changéisé network structuremn the flow of information
and resulting behaviors.

* This quote raises the important point that there beagosts and benefits associated with voting that
explainwhy people imitate the behavior of their acquaintand¢es. example, there may be a behffim
conforming with oneOs peers or a cost associatedyrithtb them. In this article | set aside the
important question ofvhy people imitate one another in order to focuhowimitation affects aggregate
turnout.

® Figure 2 in Fowler and Smirnd2002) shows that the celsenefit threshold implied by both the

signaling and pivotal motivations ranges up to aldoi8000.
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Figure 1. Turnout Cascades in a Social Network Like the ISLES
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Note: Each data point represents the frequency over 10,000 trials of the change in aggregate turnout from

changing a single turnout decision in a social network like the ISLES political discussion network. The

simulation is based on a network with 100,000 citizens, 4 neighbors per citizen on average, 20

interactions with each neighbor on average, a 0.4 probability that neighbors know one another, an

imitation rate of 0.05, a correlation in preferences of 0.66 and an average path length of about 20.
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