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Abstract

In recent years, social media has become inextricably linked with American politics.

As these new media sources have grown in popularity over the past few decades, politi-

cians on both sides of the aisle have often accused platforms like Facebook of favoring

their opponents. Despite the intensity of popular debate on the subject, empirical work

on Facebook’s impact on politics has proven to be challenging due to the difficulty of

identifying a causal relationship. In this paper, I take advantage of exogenous varia-

tion in the early spread of Facebook at elite private universities to produce the first

causal, non-experimental estimates of the effect of Facebook use on voting, political

ideology, and political participation in the United States. I find that Facebook use

increased turnout and the Democratic vote share between the 2000 and 2016 presi-

dential elections, led to a decline in moderate political ideologies, and increased the

number of individual donations to Congressional campaigns. These findings indicate

that Facebook use has caused a leftward and perhaps polarized shift in Americans’

political opinions, providing new insight into the important relationship between social

media and American elections.
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1 Introduction

Social media has become ubiquitous, with 72% of U.S. adults reporting that they used at

least one social media platform in 2019 (Pew Research Center, 2019).1 Accompanying the rise

of social media, however, has been persistent debate about whether these platforms create

online echo chambers and encourage the adoption of extreme political views. While the rise

of affective polarization in the United States preceded the expansion of social networking

platforms (Boxell et al., 2020), it is certainly possible that the growing influence of social

media has amplified political extremism and caused a shift in public opinion. Social media

giants such as Facebook and Twitter have played a significant role in politics in recent

years, and their increased influence has caused these companies to come under scrutiny for

the veracity and quality of the content that circulates on their platforms. The widespread

adoption of a new set of sources for both political news and other communication opens up

the possibility of far-reaching consequences both in and out of the political sphere. However,

due to the empirical challenges presented by studies of social media, the evidence to date on

social media’s impact on politics has been inconclusive.

This paper helps to fill this gap by presenting the first rigorous empirical evidence on

the causal impact of Facebook use on voting, political participation, and ideology. To do so,

I construct a new instrument for county-level Facebook use based on the “social distance

from the founder” instrument developed by Enikolopov et al. (2020). After Mark Zuckerberg

created Facebook as a Harvard student in 2004, membership on the platform was initially

restricted to a select set of college and university students before expanding to high schools

and finally opening to the general public in 2006 (CNN, 2019). Because the first Facebook

users were students at selective private universities, the subsequent spread of Facebook was

influenced by plausibly exogenous variation in these students’ hometowns, since the friends

and relatives of early Facebook adopters were more likely to join Facebook themselves.

Network externalities further amplified this effect, so that students’ hometowns at the time

1In 2005, this number was just 5%.
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of Facebook’s founding remained a strong predictor of the proportion of Facebook users in

each county nearly a decade later. In this paper, I take advantage of the early restrictions

on access to Facebook in order to isolate an exogenous component of county-level variation

in Facebook users in 2013. Using this strategy, I find that counties with exogenously more

Facebook users exhibit a shift toward liberalism and the Democratic Party, as well as a

shift away from moderate political ideologies. Notably, this result contradicts many media

sources’ claims that Facebook encourages the adoption of conservative views (e.g. Politico,

2020; Carusone, 2020; The Guardian, 2020).

The contribution of this paper is twofold. First, the empirical approach developed here

contributes methodologically to a burgeoning literature that examines the political effects of

social media using “social distance from the founder” instruments. This family of identifica-

tion strategies was pioneered by Enikolopov et al. (2020), who developed an instrument for

the spread of the Russian social media platform VK using the hometowns of students who

attended Saint Petersburg State University at the same time as VK’s founder. Using this

approach, the authors concluded that greater VK penetration causes a greater number of

people to participate in political protests. Similarly, Müller and Schwarz (2019) developed

an instrument for county-level Twitter use based on the number of people from each U.S.

county who attended the 2007 South by Southwest (SXSW) festival, which is widely recog-

nized as a tipping point in Twitter’s early growth. This paper extends the methodological

approach of these earlier studies to Facebook, which is a natural choice due to its popularity

in the U.S. and around the world. In doing so, I develop a new method by which future

researchers can evaluate the causal effects of Facebook use on a wide variety of outcomes,

opening up a new avenue of research on the world’s most popular social network.

Second, the results presented in this paper add to a body of literature investigating

the effects of social media and the internet on voting. Most closely related to this paper

is the work of Fujiwara et al. (2020), which uses the SXSW-based instrument discussed

above to show that Twitter use caused a decrease in the Republican vote share in the 2016
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presidential election. In this paper, I find similar results in the context of Facebook instead

of Twitter. Because Facebook is much more widely used than Twitter in the United States

and has attracted a far greater share of the older population (Pew Research Center, 2019),

the political effects of using the two platforms are not necessarily constrained to be similar

ex ante. In particular, because much of the content that circulates on social media platforms

is user-generated, differences between the demographics of Twitter and Facebook users may

be very important in determining the effect of using each platform on electoral outcomes.

This paper therefore contributes the somewhat surprising result that in spite of Facebook’s

older and larger user base, the effect of using Facebook on party vote shares is directionally

the same (with larger point estimates) as the effect of using Twitter.

Other related work in the literature on social media and voting, reviewed in Zhuravskaya

et al. (2020), has tended to focus on political participation rather than shifts in party vote

shares. In an experimental setting, Bond et al. (2012) and Jones et al. (2017) find that

when exposed to a message about how many of their friends have voted, Facebook users

become more likely to vote themselves. Using an instrument based on the movements of

popular athletes to different geographical locations, Rotesi (2019) also finds that Twitter

use increases turnout during the 2008 and 2012 presidential elections. This paper builds on

existing work in this area by producing one of the first plausibly causal, non-experimental

estimates of the effect of social media use on political participation. The results here reflect

the impact of general Facebook use on political participation, rather than the impact of

a specific intervention designed to promote voting, and the treatment group is potentially

much broader than those evaluated in previous non-experimental studies. Additionally, while

Fujiwara et al. (2020) identify no significant effect of Twitter use on turnout in presidential

elections, this paper finds that using Facebook does have a marginally significant effect on

turnout. I also find that Facebook use causes an increase in a different form of political

participation – campaign contributions – that has not yet been examined in depth by the

literature on social media.
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Most broadly, this paper also contributes to a well-established literature linking media

consumption to electoral outcomes. Because social media only recently became a significant

source of political news for most people, much of the existing work in this literature focuses

on cable television and other conventional media sources. Most prominently, DellaVigna

and Kaplan (2007) exploit geographic variation in the rollout of Fox News to conclude that

watching Fox caused an increase in the Republican vote share between the 1996 and 2000

presidential elections. Using a different identification strategy based on channel positions,

Martin and Yurukoglu (2017) replicate this finding for subsequent presidential elections. I

build on the existing literature in this area by investigating the ability of newer forms of

media to similarly affect election results and other political outcomes. In particular, social

media differs from most forms of conventional media in that the news and content that

users consume on these platforms is not generated by a single entity with a given slant,

but is in large part crowdsourced from other users. The question of whether social media

use influences electoral outcomes therefore differs substantially from the question of whether

watching a biased news network or reading a slanted newspaper affects electoral outcomes,

and this paper provides one of the first pieces of evidence to answer the former.

The remainder of the paper proceeds as follows. Section 2 provides background informa-

tion on the history of Facebook and the role of social media in American politics. Section

3 describes the data. Section 4 discusses the identification strategy and the validity of the

instrumental variables approach. Section 5 presents estimates of the effect of Facebook use

on presidential election outcomes, political ideology, and campaign contributions. Section 6

concludes.

8



2 Background

2.1 History of Facebook

In 2004, Mark Zuckerberg launched Facebook at Harvard University in a founding story

that has since been immortalized in popular culture.2 Facebook was initially accessible only

to Harvard students, but the platform quickly expanded to other universities. Although

the exact order of expansion has not been comprehensively documented, Facebook appears

to have reached highly selective institutions first: Stanford, Columbia, and Yale were the

next three universities to receive access to the platform, followed by the rest of the Ivy

League and other Boston-area universities. Eventually, Facebook reached the majority of

universities in North America, and the platform had attracted millions of users by the time

the first high school students joined in September 2005 (CNN, 2019). The general public

was unable to join Facebook until a year after that, when registration opened to everyone

over the age of 13. By September 2013, Facebook had a whopping 1.19 billion monthly

active users worldwide, making it the largest social network in the world by this metric

(Facebook, 2013).3 In 2019, Pew Research Center reported that 69% of all U.S. adults used

Facebook, making it the second most widely used online platform (behind only YouTube).4

Moreover, Facebook appeals to users in older age groups: 46% of those over 65 years of age

use Facebook, compared to just 8% in this category who use Instagram and 7% who use

Twitter. This popularity makes Facebook an interesting subject of study for social scientists

and places it in a unique position to influence American politics. While the vastness of

Facebook’s user base implies that user experiences can vary significantly across subgroups,

determining the average effect of using the platform still provides valuable insight into the

role Facebook plays in electoral politics.

2See “The Social Network”.
3Figure A1 displays the growth in the number of active Facebook users between 2004 and 2012.
4The next most popular platform was Instagram at just 37%.
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2.2 Effect of Social Media on Politics

In line with its outsize popularity, Facebook has attracted increased scrutiny in recent years

for its potential to influence elections and other political outcomes. In 2020, roughly 18%

of U.S. adults reported that social media was their primary source of political news, includ-

ing 48% of those under 30 (Pew Research Center, 2020). These changing trends indicate

that the content generated on social media platforms may now have significant influence on

Americans’ political behaviors. Several controversies have brought this issue to the public’s

attention, including the 2016 Cambridge Analytica scandal in which Facebook was found to

have leaked user data that was used by the campaign of then-presidential-candidate Donald

Trump. Facebook has also come under fire for its handling of misinformation, although user

interactions with false news stories on the platform appear to have declined since peaking in

2016 (Allcott et al., 2019). In January 2021, tensions between politicians and social media

platforms came to a head when Facebook took the extraordinary step of indefinitely sus-

pending President Donald Trump’s account.5 The fact that these issues have all become

national controversies speaks to the major role Facebook plays in the nation’s politics, and

underscores the importance of obtaining reliable estimates of how Facebook use can affect

elections and political attitudes. Facebook has been accused by those on all sides of the

political aisle of catering to their opponents, and there is no broad consensus on how using

Facebook changes political behaviors in the aggregate. However, in recent years, the view

that Facebook amplifies conservative opinions has become prevalent in many popular media

sources. In this paper, I investigate the validity of these claims.

5Twitter later permanently banned the president’s account as well.
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3 Data

3.1 Student Hometowns

In gathering historical data on college students’ hometowns, I rely on the 1999-2007 iterations

of the CIRP Freshman Survey, which is administered annually to a sample of approximately

300,000 college first-years by the Higher Education Research Institute (HERI) at UCLA. This

survey contains a rich set of questions about students’ educational backgrounds, political

opinions, and aspirations, but I utilize only the information collected on students’ home zip

codes, which are available for nearly every respondent in each year of the survey. Although

this is not the only dataset that documents the geographical locations of college students,

the HERI data has several key advantages over other data sources.6 The Current Population

Survey (CPS) and American Community Survey (ACS) both collect information on whether

respondents are currently enrolled in a college or university, but the availability of county-

level geographical information is very limited. Out of more than 3,000 U.S. counties, only 200

to 300 are typically represented in county-level public-use microdata from these sources. The

geographical information collected in the HERI data is finer and much more comprehensive,

covering nearly all U.S. counties when aggregated up to the county level. In combination

with the larger sample size provided by the HERI data, this lends much more statistical

power to the analysis. Additionally, while the CPS and ACS data may represent the current

locations of students (i.e. where they are attending college) rather than their hometowns,

the HERI data explicitly records the home zip code of the student. This lends a much clearer

interpretation to the instrument I construct.

In using this dataset, I restrict the sample of students I consider to those who attend

highly selective or very highly selective private schools, since these schools generally received

access to Facebook before others. The measure of selectivity I use is the one included in

6Using administrative data from universities themselves would provide a more accurate representation
of student hometowns, but because this data is generally unavailable to the public, this paper is limited to
using data from large-scale surveys.
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the HERI data, in which schools are classified as having low, medium, high, or very high

selectivity based on the SAT scores of students who matriculate. It would be more precise to

further limit the data to the specific schools Facebook expanded to earliest, but because not

all schools participate in the HERI survey from year to year and school-level information is

not always available in the public-use data, I am restricted in this paper to using the HERI

selectivity classifications as a proxy.

Figure 1: Log Number of Students at Highly and Very Highly Selective Private Universities

One limitation of using this survey data is the noise introduced by variation over time in

the subset of schools who participate. For instance, if more universities located on the East

Coast of the U.S. happened to participate in the survey in a given year, then counties on

the East Coast would likely be overrepresented in the data on student hometowns. Because

we are interested in random variation from year to year in the number of students from each

county, these fluctuations in the survey sample introduce an additional source of noise into

our measurements of the relative size of each cohort. However, as long as variation in the

group of participating universities is uncorrelated with the factors that determine Facebook
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usage rates, this noise should not bias the analysis.

3.2 County-Level Facebook Use

To measure Facebook usage rates in each county, I use data from the Survey of the American

Consumer, which is conducted annually by the market research firm MRI-Simmons. This

data includes the number and percentage of people in each county who report using Facebook

in the past 30 days (at the time that they completed the survey) for every year since 2013.

Because the influence of early Facebook adopters on the geographic distribution of Facebook

users should decline over time, I use the earliest iteration of the survey in my analysis. Using

survey data is a potential limitation here, since the measure of Facebook use that I construct

is based on respondents’ self-reported data and therefore may not be an entirely accurate

reflection of the number of active Facebook users in each county. However, given that using

Facebook is not particularly stigmatized, it is reasonable to assume that survey responses

provide a representative picture of the true percentage of Facebook users in each county.

Furthermore, previous studies on the political effects of social media (Müller and Schwarz,

2019) have found that results are robust to using data from the Survey of the American

Consumer instead of geotagged data from social media posts themselves. Other studies have

used Facebook’s own ad targeting service to create a measure of the number of Facebook

users in each geographical area (Enikolopov et al., 2020), but because historical data is

unavailable through this service, this approach – while likely to be more representative – is

not feasible in this setting.

Another key limitation of this data is that it does not report the percentage of people

in each county who have Facebook accounts, but instead the percentage of people who have

used Facebook in the last 30 days. This somewhat complicates the interpretation of the

instrument I construct, since the most intuitive explanation for why early users affect the

later spread of Facebook is that these users make those around them more likely to join

Facebook as well. It is less clear why the geographic distribution of early users should affect
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the frequency with which people use Facebook a decade later. However, although using

this proxy for Facebook use may add some noise to the analysis, 30 days is likely to be a

sufficiently long period that the data is not simply capturing short-term variation in the

number of people in each county who are using Facebook. Moreover, using this particular

measure does simplify the interpretation of the second-stage results, since we would expect

active Facebook users to be the ones whose political opinions and behaviors are most affected

by using the platform.

Figure 2: Percent Facebook Users by County in 2013

3.3 Political Outcomes

To measure the effects of Facebook use on presidential elections, I use county-level election

returns from the MIT Election Lab and Dave Leip’s Atlas of U.S. Presidential Elections.

The variables of interest are the share of total votes cast for the Democratic candidate for

president, as well as overall turnout (defined as the total number of votes) in each county

during the 2000, 2008, and 2016 presidential elections. In order to measure the effects of

Facebook use on these variables, I examine the change in the Democratic vote share and

turnout between the 2000 and 2016 elections, as well as between the 2008 and 2016 elections.
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I also use the Democratic vote share in earlier presidential elections as a control variable in

some specifications.

Using survey data, I also examine the effect of using Facebook on voters’ political ideolo-

gies and news-watching behaviors. For these outcomes, I rely on data from the 2014 iteration

of the SimmonsLOCAL survey, which was run by the firm Simmons Research in order to

characterize consumer behavior in local markets. The SimmonsLOCAL survey asked respon-

dents to report their political ideology on a three-point scale, with the three options being

“liberal,” “middle of the road,” and “conservative.” The survey also asked an array of ques-

tions about whether respondents had registered to vote, contributed to political campaigns,

and watched cable TV channels including Fox News, CNN, and MSNBC. The advantage

of using SimmonsLOCAL rather than another survey like the Cooperative Congressional

Election Study (CCES) is that the SimmonsLOCAL sample covers more U.S. counties and

is larger in size, lending more power to the statistical analysis. SimmonsLOCAL is not a

solely political survey, so it does not allow for analysis of political outcomes at as fine a level

as the CCES, but it does include additional information on consumer behavior that may be

related to political views.

Finally, I analyze the number and dollar amounts of campaign contributions made by res-

idents of each U.S. county using data from the Database on Ideology, Money in Politics, and

Elections (DIME). Using Federal Election Commission (FEC) reports, the DIME database

collects information on more than 130 million political contributions over the period from

1979 to 2014, and provides a detailed geographical coding of contributions at the zip code

level. Also included in the DIME data is a measure of the political ideology of each donor

and recipient. This variable, which is known as the CF score, was developed by Bonica

(2013) and relies on a model in which contributors seek to donate to candidates who are

ideologically proximate to them. Smaller (more negative) CF scores indicate a more liberal

ideology, while larger (more positive) scores indicate a more conservative ideology. Previous

studies have noted that CF scores align with intuitive expectations – for instance, the Na-
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tional Rifle Association is among the most conservative donors by CF score, and the Service

Employees International Union is among the most liberal (Autor et al., 2020). Bonica (2013)

also shows that CF scores are highly correlated (r = 0.92) with DW-NOMINATE scores, an

alternative measure of ideology that relies on legislative roll call data. In this paper, I use

CF scores to estimate the change in both donor and recipient ideologies from 2002 to 2014.

4 Identification

4.1 Instrumental Variables Approach

Because individuals’ political views may influence their propensity to join social media plat-

forms like Facebook, OLS estimates of the effect of Facebook use on political outcomes are

likely to be biased. To identify the causal effect of social media on political outcomes, I there-

fore develop a new instrument for Facebook use at the county level. The intuition behind

this approach is that social media platforms gain traction through real-life social networks:

people are more likely to join Facebook if they know someone who is already using the

platform. Because Facebook membership was initially restricted to college students when

the website was launched in 2004, one exogenous reason why more people in a given county

might use Facebook is that in the year Facebook was founded, there happened to be more

people in that county who were attending colleges that had access to Facebook. Exposure

to college students who were using Facebook introduced people to the platform, increasing

the odds that they would then join when access was opened to the general public. Under the

identifying assumption that the number of college students in each county exhibits essen-

tially random variation from year to year (conditional on observables including education,

income, and population), we can use this variation to isolate an exogenous component of

county-level variation in Facebook use.7 This approach also requires the assumption that

7This assumption is not directly testable. However, in most cases, the number of students from each
county is sufficiently small to allow for random variation across time (in all cohorts, at least 75% of counties
have fewer than 34 students attending highly selective private schools).
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the majority of college students’ social connections are within their home counties, since

the empirical analysis that follows is all conducted at the county level. However, because

students’ families and high schools are likely to be located within their home counties, this

assumption appears to be reasonable.

Analogous to Enikolopov et al. (2020), I construct the instrumental variable as the num-

ber of first-year college students from a given county from 2002-2004, controlling for the

number of first-year students who were part of the preceding and succeeding three-year co-

horts. In particular, the students I consider are those who were attending highly selective

or very highly selective private universities, since those schools tended to receive access to

Facebook more immediately after it was launched at Harvard in early 2004. Because the

students in my data are all first-years, I select 2002-2004 as the cohort of interest in order

to limit the students in the sample to those who were very likely to be enrolled in college in

2004. Figure 3 displays a binned scatterplot which confirms that, conditional on observables

and the other cohorts, the number of students who matriculated at highly selective colleges

between 2002 and 2004 is positively associated with the percentage of Facebook users in

2013. In particular, the relationship between the log number of students between 2002-2004

and the percentage of Facebook users in 2013 appears to be roughly linear.

The first-stage regression I estimate for each county i is

PercentFacebookUsersi = β0 + β1Studentsi,2002−2004 + β2Studentsi,1999−2001

+ β3Studentsi,2005−2007 + γ′Xi + StateFE + εi

(1)

where Xi is a vector of demographic controls for observables including age, educational

attainment, income, and race/ethnicity.8 The variables corresponding to cohort size are

each defined as the log of one plus the number of students from that county during the given

time period.

The estimation of the first stage is shown in Table 1. The number of students in the

8The specific controls included are listed in greater detail in the notes below each regression table.
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Figure 3: Facebook Use vs. Number of Students in the Zuckerberg Cohort

cohort of interest (hereafter referred to as the “Zuckerberg cohort,” as they attended college

at the same time as Mark Zuckerberg) is a strong predictor of the percentage of a county’s

population that used Facebook in 2013, while the sizes of the preceding and succeeding

cohorts have little predictive effect conditional on the other variables included in the model.

This lends support to the idea that the geographic distribution of Facebook’s earliest users

influenced county-level Facebook usage rates even years later. In particular, the difference

between the coefficients for the three cohorts suggests that the size of the Zuckerberg cohort

is not simply capturing the effect of greater educational attainment, but is serving as a proxy

for the locations and social connections of the earliest Facebook users. This result supports

the claim that the spread of Facebook was influenced specifically by the locations of early

users, since the only cohort to have a significant coefficient in the first-stage results is the

one that was in college at the time of Facebook’s launch.
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Figure 4: First-Stage Coefficients by Cohort

Note: coefficients and standard errors are taken from column (7) of Table 1.

Table 1: First Stage: Student Hometowns and Facebook Use

(1) (2) (3) (4) (5) (6) (7)

Log(Students), 1999-2001 0.0240 0.0207 -0.0747 -0.0335 -0.0596 0.0126 0.0128
(0.116) (0.121) (0.121) (0.120) (0.121) (0.118) (0.118)

Log(Students), 2002-2004 0.4639∗∗∗ 0.4612∗∗∗ 0.3143∗∗∗ 0.2990∗∗∗ 0.2939∗∗∗ 0.3058∗∗∗ 0.3055∗∗∗

(0.108) (0.114) (0.114) (0.113) (0.111) (0.107) (0.107)

Log(Students), 2005-2007 0.2578∗∗ 0.2551∗∗ 0.0712 0.0489 0.0292 0.0957 0.0960
(0.107) (0.107) (0.105) (0.104) (0.105) (0.105) (0.105)

Constant 45.2761∗∗∗ 45.1656∗∗∗ 39.4536∗∗∗ 53.0069∗∗∗ 53.6113∗∗∗ 64.8462∗∗∗ 64.7493∗∗∗

(0.166) (1.379) (2.739) (3.143) (3.204) (6.407) (6.410)

State FE Yes Yes Yes Yes Yes Yes Yes

Population control Yes Yes Yes Yes Yes Yes

Demographic controls Yes Yes Yes Yes Yes

Race/ethnicity controls Yes Yes Yes Yes

Education controls Yes Yes Yes

Age controls Yes Yes

Election control Yes

N 2778 2778 2778 2778 2778 2778 2778
R2 0.2828 0.2828 0.3221 0.3418 0.3495 0.4081 0.4081

Notes: Standard errors in parentheses. The dependent variable is the percentage of people in each U.S. county who have used
Facebook in the past 30 days. Demographic controls include the median income, the share of the population that is English-
speaking, and the share living in an urban area. Race/ethnicity controls include the share of the population that is white, Black,
Asian, and Hispanic. Education controls refer to the share of the population that is college-educated, and currently enrolled in a
private college or university. Age controls include the share of the population in nine age groups.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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4.2 Validity and Robustness Checks

4.2.1 School Selectivity

To provide further evidence that the size of the Zuckerberg cohort is a valid instrument

for Facebook use, I conduct several robustness checks and placebo tests for the first-stage

specification. The first test addresses the subset of college students included in the instru-

mental variable. In the preferred specification, this measure includes only those students

who attended highly selective and very highly selective private universities. Since less selec-

tive colleges received access to Facebook at later dates, we would expect that the number of

students who matriculated at these schools in the years 2002-2004 would not be as predictive

of later Facebook usage rates. This is indeed what we observe. Panel A of Table A1 displays

the first-stage regression results when the instrument is changed to include only students

from public universities with low or medium selectivity. The coefficient for the Zuckerberg

cohort becomes negative and insignificant, while the coefficient for the next cohort becomes

positive and highly significant. This is consistent with the idea that because less selective

schools received access to Facebook at a later time, later cohorts of students should be more

predictive of Facebook usage rates.

4.2.2 Cohort Definitions

A second set of robustness checks addresses the definition of the Zuckerberg cohort. In the

preferred specification, the Zuckerberg cohort is defined as students who entered college in the

years 2002-2004, since these students were very likely to have been enrolled at the time that

Facebook was spreading to different universities in 2004. In order to maintain the structure

of three years per cohort, the preceding and succeeding cohorts are defined as 1999-2001 and

2005-2007, respectively. However, this is by no means the only reasonable definition of each

cohort. Another intuitively appealing option might be to define the Zuckerberg cohort as

students who entered college during the years 2003-2005, which bracket the year in which
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Facebook was released. Alternatively, the Zuckerberg cohort could be defined as the years

2001-2004, which include the four classes of students who would have been enrolled in college

in fall 2004. Panels B and C of Table A1 show that the first-stage result is robust to both of

these alternate definitions, although the magnitude of the coefficient decreases when using

the 2001-2004 definition. One possible explanation for this decrease in magnitude is that

younger students may have been more likely to join Facebook when their universities gained

access to the platform, so students who matriculated closer to 2004 are more representative

of the population of early Facebook users. This would explain why the coefficient of interest

tends to be larger when the Zuckerberg cohort excludes earlier years and includes later years.

Unfortunately, there appears to exist no publicly available data on the age distribution of

early Facebook users, so this explanation is purely speculative and cannot be tested in this

paper.

4.2.3 Twitter Use

As another placebo test, I report the first-stage results using the percentage of Twitter users

in each county as the outcome variable instead of the percentage of Facebook users. This

is not a perfect placebo, since it is possible that there are complementary effects between

the two social media platforms: namely, that signing up for Facebook could make a user

more likely to join Twitter as well. However, outside of this complementary effect, there

is no reason to expect that the number of students entering selective schools between 2002

and 2004 should be particularly predictive of the number of Twitter users in each county

in 2013 (especially since Twitter was not founded until 2006). Indeed, the coefficient for

the Zuckerberg cohort becomes insignificant when the outcome is changed to Twitter users,

which provides some evidence that the instrumental variable is not simply capturing a source

of unobserved variation that predicts general social media use at the county level. Panel D

of Table A1 reports the results of this test.
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4.2.4 Clustering of Standard Errors

Lastly, in the preferred specification, standard errors are robust to heteroskedasticity but

not to spatial clustering. However, it may be reasonable to expect that errors are correlated

between neighboring counties, especially given that the social connections of a college student

may sometimes cross county lines. In order to address this concern, I map each county to

its surrounding commuting zone (CZ) and report the first-stage results with standard errors

clustered by CZ. The results (displayed in Panel E of Table A1) are very similar to those in

the preferred specification, as the coefficient on the Zuckerberg cohort is the only statistically

significant one out of the three cohorts and is almost identical in magnitude to the coefficient

from the preferred specification.

5 Empirical Results

I now consider the effect of using Facebook on political behaviors and attitudes. For each

county i, I estimate the following reduced-form equation:

Outcomei = λ0 + λ1Studentsi,2002−2004 + λ2Studentsi,1999−2001

+ λ3Studentsi,2005−2007 + a′Zi + StateFE + ηi

(2)

Additionally, I estimate the equation below to produce the 2SLS estimates:

Outcomei = δ0 + δ1 ̂PercentFacebookUsersi + δ2Studentsi,1999−2001

+ δ3Studentsi,2005−2007 + b′Zi + StateFE + ξi

(3)

where ̂PercentFacebookUsersi is the percentage of Facebook users in county i as predicted

by the first-stage regression. In both equations, the variables corresponding to cohort size

denote the log of one plus the number of students from each county, and Zi is a vector

of demographic and electoral controls. The exact controls included vary depending on the
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outcome and specification, and are listed in greater detail in the notes below each regression

table. The estimated coefficients in each equation will of course vary depending on the

particular outcome being considered.

5.1 Presidential Elections

The first outcome of interest in this paper is the effect of Facebook use on presidential elec-

tions. To measure this effect, I consider the change in the Democratic vote share between

the 2000 and 2016 presidential elections, as well as between the 2008 and 2016 presiden-

tial elections. I also estimate the impact of greater Facebook use on the change in turnout

between these elections. These three elections are convenient to use because they were all

closely contested and occurred after a two-term incumbent president left office. Further-

more, the period between these elections represents a reasonable window of time in which

to estimate the effect of a county having more Facebook users in 2013 (the year in which I

measure Facebook use throughout this paper). Using presidential elections also allows for

more standardized comparisons between counties, since the candidates being voted on are

the same across all counties.

5.1.1 Reduced Form and 2SLS Estimates

The reduced form results are displayed in Panel A of Tables 2 and 3. The size of the

Zuckerberg cohort is positively associated with changes in the Democratic vote share, as well

as changes in overall turnout. These results hold for both 2000-2016 and 2008-2016, although

the effects are larger in magnitude for 2000-2016. (This may be due to the fact that Facebook

had already become quite popular by 2008, so restricting the period under consideration to

2008-2016 discards some of the effect of using Facebook.) The magnitudes of the coefficients

are difficult to interpret, since the number of students per county is derived from a survey

sample rather than administrative data, but the direction of the effect is clearly positive,

indicating that having more students from the Zuckerberg cohort is associated with a larger
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increase in the Democratic vote share in the 2016 election. Interestingly, the coefficient

on the next cohort is also significant in most specifications, indicating that the size of this

cohort may also be capturing variation that influenced counties to vote more Democratic in

the 2016 election.

The 2SLS estimates produce similar results, although the magnitudes of the point esti-

mates are much larger. As shown in Panel B of Tables 2 and 3, having a greater percentage

of Facebook users in a county predicts an increase in the Democratic vote share between

the 2000 and 2016 elections, as well as an increase in turnout. Specifically, the point es-

timate suggests that a one-percentage-point increase in Facebook users is associated with

an increase of 0.86 percentage points in the Democratic vote share between 2000 and 2016.

When considering the magnitude of these estimates, it is important to note that Facebook

use may have spillover effects: if using Facebook changes people’s political behaviors, then

Facebook users may go on to influence others’ political behaviors even if these others are

not Facebook users themselves. This suggests that the point estimates may be larger than

one would think based on a simple calculation of how many Facebook users are likely to

vote differently due to using the platform. More mechanically, the point estimate in these

specifications may also be biased due to a weak first stage. The robust F-statistic is 9.212

in the preferred specification, which is just below the benchmark of 10 that is typically used

to characterize a strong instrument. Because the F-statistic is relatively low, I conduct an

additional Anderson-Rubin (AR) test for weak instruments in order to ensure that the di-

rectional effects are robust to biased point estimates. The 95% confidence intervals from

this test are reported in each column of Tables 2 and 3. The results of the AR test indicate

that greater Facebook use indeed has a positive effect on the Democratic vote share for

both the 2000-2016 and 2008-2016 periods, even when accounting for the weak instruments

issue. Additionally, Facebook use positively affects the change in turnout between the 2000

and 2016 elections. (No significant effect is observed for the change in turnout between the

2008 and 2016 elections, although the point estimate remains positive.) The 95% confidence
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intervals are wide, which indicates that the point estimates may not be accurate, but the

direction of the effects is clear.

Table 2: Effect of Facebook Use on Democratic Vote Share

(1) (2)
Change from 2000-2016 Change from 2008-2016

Panel A. Reduced Form
Log(Students), 1999-2001 0.2520∗∗ 0.0719

(0.110) (0.073)

Log(Students), 2002-2004 0.2679∗∗∗ 0.1641∗∗

(0.102) (0.067)

Log(Students), 2005-2007 0.2684∗∗∗ 0.1624∗∗

(0.103) (0.065)

N 2777 2777
R2 0.8570 0.8547

Panel B. 2SLS Estimates
Percent Facebook users 0.8608∗∗ 0.5273∗

(0.401) (0.272)

N 2777 2777
R2 0.5156 0.2812
Robust F-stat 9.212 9.212
Weak IV robust 95% CI (.209, 2.371) (.086, 1.529)

Notes: Standard errors in parentheses. Observations are weighted by the number of votes
cast in the county in the 1996 presidential election. The Democratic vote share in the 1996
election is included as a control. Demographic controls are included for both 2000 and 2013;
these controls include the log of the population, median income, the share of the population
in nine age categories and four racial/ethnic groups, and the share of the population that is
college-educated, English-speaking, and living in an urban area. 2013 controls also include
the share of the population currently enrolled in a private college or university and the share
with a high school education.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

While these results do not speak to the specific mechanisms by which Facebook use

affects voting and political participation, several basic facts about Facebook use appear

to intuitively support the finding that Facebook causes people to vote more Democratic.

Social media platforms in general are much more likely to be used by young people, who are

disproportionately liberal compared to the rest of the population. While Facebook’s user

base is less disproportionately young than the user bases of other platforms, it remains the

case that younger people are more likely to use the platform, so the content Facebook users
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Table 3: Effect of Facebook Use on Turnout

(1) (2)
Change from 2000-2016 Change from 2008-2016

Panel A. Reduced Form
Log(Students), 1999-2001 -0.0023 -0.0012

(0.002) (0.001)

Log(Students), 2002-2004 0.0040∗∗ 0.0021∗

(0.002) (0.001)

Log(Students), 2005-2007 0.0038∗∗ 0.0010
(0.002) (0.001)

N 2777 2777
R2 0.8852 0.7060

Panel B. 2SLS Estimates
Percent Facebook users 0.0128∗ 0.0066

(0.007) (0.004)

N 2777 2777
R2 0.6737 0.3827
Robust F-stat 9.212 9.212
Weak IV robust 95% CI (.002, .040) (-.001, .023)

Notes: Standard errors in parentheses. Observations are weighted by the number of votes
cast in the county in the 1996 presidential election. The Democratic vote share in the 1996
election is included as a control. Demographic controls are included for both 2000 and 2013;
these controls include the log of the population, median income, the share of the population
in nine age categories and four racial/ethnic groups, and the share of the population that is
college-educated, English-speaking, and living in an urban area. 2013 controls also include
the share of the population currently enrolled in a private college or university and the share
with a high school education.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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consume may generally be more liberal than the content they would be exposed to elsewhere.

Current research is divided on whether exposure to liberal views through social media causes

people to become more liberal (for a thorough review, see Zhuravskaya et al. 2020), but if

this is indeed the case, then it is intuitive that Facebook users would become more inclined

to vote Democratic after being exposed to the platform’s content. Furthermore, Facebook

likely had a much greater liberal bent in its early days, when students were the primary users

of the platform. If the effect of Facebook use on the Democratic vote share is being driven

by the earlier years of Facebook, then this would explain the dissonance between the results

described here and the currently popular view that Facebook favors conservative attitudes.

This explanation is also consistent with the result that Facebook’s effect on the Democratic

vote share was greater for the 2000-2016 period than the 2008-2016 period.

It is also important to note that these results measure a local average treatment effect,

and are therefore not necessarily generalizable to the entire population. The treatment group

in this paper is composed of those who were exogenously made more likely to use Facebook

through exposure to college students who adopted Facebook in the platform’s early years.

Almost by construction, the people in this group are likely to be socially connected to young

people, who may circulate more liberal content than the general population. In principle,

the effect of using Facebook could be different when considering the whole population of

Facebook users, especially given that a user’s experience on Facebook is greatly dependent

on the content circulated by that user’s social circle.

5.1.2 Persuasion Rate

Following DellaVigna and Gentzkow (2010) and Fujiwara et al. (2020), we can calculate the

persuasion rate of Facebook between the 2000 and 2016 elections using the 2SLS estimates

in Table 2. The persuasion rate can be approximated by the formula θ · t
1−y , where θ is the

marginal effect of using Facebook on the Democratic vote share (given here by the 2SLS

estimate), t is the share of adults who voted in the 2000 election, and y is the average
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Democratic vote share in the 2000 election.9 Because the 2SLS estimate may suffer from a

weak instruments problem, I first calculate the persuasion rate using the conservative point

estimate of θ = 0.209, which is the lower bound of the weak IV robust 95% confidence

interval reported in Column (1) of Table 2. Using the appropriate values of t = 0.51 and

y = 0.48 yields a persuasion rate of 20.5%, which implies that 20.5% of Facebook users who

voted for Hillary Clinton in 2016 would not have done so had they not been exposed to

the platform. For comparison, this conservative estimate of 20.5% is far greater than the

persuasion rate of 8.6% that Fujiwara et al. (2020) estimate for Twitter, and is comparable

to the persuasion rate of 19.5% estimated by Gerber et al. (2009) for the Washington Post.

It is, however, smaller than the range of 27% to 58% that Martin and Yurukoglu (2017)

estimate for Fox News.

If we instead use the point estimate of θ = 0.8608 generated by the preferred 2SLS

specification, the estimated persuasion rate is 84.4%; this is unlikely for any platform, much

less one in which most content is user-generated rather than produced by a company with a

specific political slant. This indicates that significant spillover effects to non-Facebook-users

need to be present in order to generate such a large increase in the Democratic vote share.

To illustrate the role that spillover effects play in calculating the persuasion rate, note that

if the actual treatment group is four times the size of the group of Facebook users, then the

marginal effect of treatment on the Democratic vote share is actually one-fourth of the 2SLS

estimate. For instance, imagine that for every Facebook user, there are three additional

people whose political views are also influenced by Facebook because they are connected

to someone who uses the platform (i.e. these three people also receive the “treatment”

of Facebook exposure). In this case, the treatment group would be four times as large as

assumed in the calculations above, and the persuasion rate would be 21.1%, which is perhaps

a more reasonable number. In reality, the “treatment” of exposure to Facebook is likely to

9The formula for the persuasion rate is ∂y
∂e · t

1−y , where e is exposure to the treatment (in this case,

Facebook use). The 2SLS estimate here is an approximation of ∂y
∂e , since the interpretation of this quantity

is how much the Democratic vote share changes as exposure to Facebook changes.
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be applied at varying intensities to different people (with the intensity depending on social

distance from those who use the platform) rather than being applied at a uniform intensity to

a distinct “treatment group.” In any case, however, the estimated persuasion rate decreases

as greater spillover effects are assumed.

It is also noteworthy that the persuasion rate calculations above assume that the treat-

ment group has the same propensity as the general population to turn out in a presidential

election and to vote for the Democratic candidate. Because the treatment group comprises

those who joined Facebook due to their social connections to elite college students, these

assumptions may not hold. In particular, if we believe that this group is more liberal10 than

the general population, then we should use a higher value of y in calculating the persuasion

rate, which would cause the estimated persuasion rate to be higher than the values reported

above. This agrees with intuitive expectations: if the treatment group is more liberal, then

the content they circulate is likely to be more liberal as well and should therefore convince

people to vote Democratic at a higher rate.

5.1.3 Placebo Test with Earlier Elections

As a placebo test, I also estimate the 2SLS model using the change in the Democratic vote

share and the change in turnout between the 1992 and 2000 presidential elections as outcome

variables. This test helps to ensure that the main results described above are not driven

by unobservable characteristics or confounding factors that are simply correlated with a

county’s propensity to adopt social media. Because the 1992 and 2000 elections both took

place before Facebook was created, we would expect that the number of Facebook users in

2013 would have no causal effect on the Democratic vote share or turnout in either election.

This is in fact what we observe in Table A2, in which the coefficient on the proportion of

Facebook users becomes insignificant for both outcomes.

10This assumption is not necessarily true, but follows from the intuition that if elite college students are
more liberal than the rest of the population, then their social connections are also likely to be more liberal.
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5.2 Political Ideology and Behavior

In order to investigate potential drivers behind these changes in turnout and the Democratic

vote share, I use data from the 2014 iteration of the SimmonsLOCAL survey to examine

shifts in political ideology, news-watching behavior, and political participation. The Sim-

monsLOCAL survey has enough national coverage to enable a county-level analysis for the

year 2014, but it was not fielded in the years before Facebook was founded. The outcome

variables examined in this section therefore take the form of levels (e.g. the proportion of

liberal-identifying people in 2014) rather than changes (e.g. the change in proportion from

2004 to 2014). This is a limitation of the analysis in this section, as the inability to take first

differences creates some concern that an omitted variable is driving the empirical results.

However, the instrumental variables approach should mitigate the effect of any omitted vari-

able: as long as we believe the identifying assumption that cohort-to-cohort variation in the

number of students from each county who attend elite private colleges is random conditional

on observables, the estimated effect can be interpreted causally. Because this assumption

cannot be proven, the results in this section should be interpreted with additional caution,

but I include them in order to provide a more complete picture of Facebook’s effect on

political ideology and behavior beyond voting in presidential elections.

5.2.1 Ideology

The first survey-based outcome I consider is the effect of Facebook use on political ideology.

SimmonsLOCAL asks respondents to report their political ideology using a three-point scale

in which the options are “liberal,” “middle of the road,” and “conservative.” These measures

are of course subjective, but they capture an additional dimension of respondents’ political

beliefs that may not be apparent in the results of a two-party presidential election. Using a

2SLS specification, I find that Facebook use leads to a significant decrease in the percentage

of people identifying as middle of the road, along with non-significant and marginally signifi-

cant increases in the percentage of people identifying as liberal and conservative, respectively.
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These results, which are reported in Table 4, indicate that Facebook may have a polarizing

effect on political ideology. While the coefficients are imprecisely estimated, Facebook use

appears to cause voters to move from moderate ideologies to more solidly liberal and conser-

vative ones. This adds additional nuance to the findings reported in Section 5.1, indicating

that the aggregate shift toward the Democratic Party in the 2016 presidential election may

obscure the more nuanced and perhaps polarized effects of Facebook on political ideology. In

particular, one effect of Facebook use appears to be an increase in the proportion of people

who report that they identify as conservative, indicating that Facebook use does not always

shift voters leftward on the ideological spectrum.

Table 4: Effect of Facebook Use on Political Ideology

(1) (2) (3)
Liberal Middle of the Road Conservative

Panel A. Reduced Form
Log(Students), 1999-2001 0.1416 0.2261∗ -0.3536∗∗

(0.096) (0.129) (0.144)

Log(Students), 2002-2004 0.0971 -0.3573∗∗∗ 0.3007∗∗

(0.088) (0.120) (0.134)

Log(Students), 2005-2007 0.1381 0.0693 -0.1908
(0.086) (0.116) (0.136)

N 2778 2778 2778
R2 0.5382 0.4077 0.5695

Panel B. 2SLS Estimates
Percent Facebook users 0.3192 -1.1751∗∗ 0.9888∗

(0.292) (0.541) (0.553)

N 2778 2778 2778
R2 0.1424 -0.7308 -0.3450
Robust F-stat 7.942 7.942 7.942
Weak IV robust 95% CI (-.270, 1.325) (-3.295,-.383) ( .135, 3.155)

Notes: Standard errors in parentheses. The Democratic vote share and the number of votes
cast in the 2000 presidential election are included as controls. Demographic controls (all for
the year 2013) include the log of the population, median income, the share of the population
in nine age categories and four racial/ethnic groups, and the share of the population that is
college-educated, currently enrolled in a private college or university, English-speaking, and
living in an urban area.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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5.2.2 Cable Television

Next, I investigate the effect of Facebook use on a different form of political expression:

the propensity of households to watch different sources of cable news. Large cable news

networks have well-documented political slants, with MSNBC generally catering to a left-

wing audience, CNN representing the liberal or moderate view, and Fox News slanting

toward the conservative end of the spectrum. The percentage of people in each county who

watch each of these news networks may therefore shed light on the distribution of political

opinions within that county. In particular, if Facebook use causes people to adopt more

liberal ideologies, then we might expect higher Facebook usage rates in a given county to

be associated with a greater proportion of households in that county who regularly watch

MSNBC. Cable news viewing habits therefore provide an additional indicator of voters’

ideologies, using a revealed-preference approach rather than relying on self-reported measures

of ideology. Table A3 reports the effects of Facebook use on the percentage of households

in each county who watch MSNBC, CNN, and Fox News. Perhaps due to the noise present

in survey-based estimates of cable viewing habits, the coefficients are imprecisely estimated,

but they qualitatively align with the results reported in previous sections. MSNBC exhibits

a small positive change in viewership in counties with higher Facebook usage, while CNN

and Fox News exhibit decreased viewership rates.

5.2.3 Political Participation

Finally, I use SimmonsLOCAL data to determine whether Facebook use has an effect on

several forms of political participation. As discussed in Section 5.1, higher rates of Face-

book use are associated with higher turnout in the 2016 presidential election, but Facebook

use may also influence other political behaviors like voter registration and the propensity

to donate to political campaigns. Using the SimmonsLOCAL survey, I investigate whether

Facebook use causes people to become more likely to participate along these dimensions as

well. Table A4 displays the 2SLS estimates of the effect of Facebook use on these outcomes.
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Greater levels of Facebook use in a given county predict a qualitatively larger proportion of

registered voters and an increase in the average political contribution amount, although the

point estimates for these effects are imprecise. Facebook use is also associated with a signif-

icantly higher percentage of respondents who report having made a political contribution in

the past year.

Although these results generally agree with the finding that using Facebook makes peo-

ple more likely to participate in elections, the use of survey data is a limitation here and

prevents more precise estimates of the effect of Facebook on political participation. Survey

respondents may misreport their voter registration status or misremember whether they have

made a recent political contribution, adding noise and possibly bias to the analysis.11 In

principle, these effects would be more precisely estimated using administrative data on voter

registration and political contributions. In the following section, I use FEC data on political

contributions in order to more accurately estimate the effect of Facebook use on this form

of political participation.

5.3 Contributions to Congressional Campaigns

In the United States, campaign contributions are an important avenue by which voters can

participate in political processes and express their preferences. Conditional on income, a

higher volume of political contributions in a given county may indicate that the citizens of

that county are more engaged in elections or care more about their outcomes. If Facebook

increases users’ interest in political processes, then we might expect to see an increase in the

number of individuals who contribute to campaigns or an increase in the average donation

amount. In this section, I investigate whether Facebook use affects the public’s propensity

to donate to political campaigns, as well as whether it affects the ideological distribution of

these donations. Using data from the Database on Ideology, Money in Politics, and Elections

11In particular, because being registered to vote is considered socially desirable, survey data is likely to
overestimate the true rate of voter registration. However, as long as this bias is uncorrelated with Facebook
use, our 2SLS estimates should be unaffected.
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(DIME), I examine the universe of individual contributions to Congressional campaigns in

the years 2002 and 2014. I specifically focus on Congressional campaigns because elections

for the House of Representatives occur in the same years for all U.S. Congressional districts,

allowing for more standardized comparisons of donations across counties. In addition, Con-

gressional elections across the country exhibit a much larger variety in political ideologies

than presidential elections, enabling a more detailed analysis of voters’ ideologies through

the candidates they choose to donate to.

5.3.1 Number and Volume of Contributions

Using DIME data on individual contributions, I create measures of the percentage of people

in each county who contribute to Congressional campaigns, as well as the total contribution

amount in each county for the years 2002 and 2014. I then examine whether Facebook

use predicts the change in these measures between 2002 and 2014. If Facebook encourages

individuals to participate more in the Congressional election process, then we might expect

higher levels of Facebook use to be associated with greater increases in both the number

of individual donors and the total dollar amount of contributions between 2002 and 2014.

This is indeed what we observe. Table 5 shows that a greater percentage of Facebook users

predicts a significantly greater increase in the log number of donors between 2002 and 2014,

as well as a non-significant but positive change in the log of the total amount contributed.

In other words, using Facebook (or being closely connected to Facebook users) appears to

make people more likely to donate to Congressional campaigns. These results exactly reflect

the findings from our survey-based analysis conducted in the previous section.

5.3.2 Ideological Composition of Contributions

In addition to affecting the volume of donations in each county, it is plausible that Facebook

use could influence the ideological distribution of donations. Individuals presumably donate

to candidates whose political views are closely aligned with their own, so campaign contri-
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Table 5: Effect of Facebook Use on Campaign Contributions

(1) (2)
∆ Log(Individual Donors) ∆ Log(Total Amount)

Panel A. Reduced Form
Log(Students), 1999-2001 -0.0042 0.0137

(0.021) (0.032)

Log(Students), 2002-2004 0.0492∗∗ 0.0444
(0.021) (0.031)

Log(Students), 2005-2007 -0.0187 -0.0028
(0.019) (0.029)

N 2711 2711
R2 0.4198 0.2631

Panel B. 2SLS Estimates
Percent Facebook users 0.1401∗∗ 0.1263

(0.069) (0.093)

N 2711 2711
R2 -0.3108 -0.1369
Robust F-stat 12.366 12.366
Weak IV robust 95% CI (.029, .344) (-.039, .372)

Notes: Standard errors in parentheses. Observations are weighted by the log number of individual
donors in the county in 2002. The Democratic vote share and the number of votes cast in the
2000 presidential election are included as controls. Demographic controls are included for both
2000 and 2013; these controls include the log of the population, median income, the share of the
population in nine age categories and four racial/ethnic groups, and the share of the population
that is college-educated, English-speaking, and living in an urban area. 2013 controls also include
the share of the population currently enrolled in a private college or university and the share with
a high school education.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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bution data provides us with yet another way to infer individuals’ political ideologies from

their actions. To measure any shifts in donor and recipient ideologies from 2002 to 2014,

I examine changes in the distribution of CF scores from the DIME data. Following Autor

et al. (2020), I sort donors into liberal, moderate, and conservative groups using the terciles

of the contribution-weighted distribution of CF scores in 2002. The first tercile represents

the most liberal donors, the second tercile is categorized as moderate, and the third tercile is

composed of conservatives. In 2002, each tercile by definition contains one third of the total

dollar amount of individual contributions to Congressional campaigns. I then examine the

mass of 2014 donations that falls in each of these 2002 terciles. As reported in Autor et al.

(2020), national polarization in the United States is captured by this measure, as the nation-

wide share of contributions in the first and third terciles increases dramatically from 2002

to 2014. In this paper, however, I am interested specifically in whether greater Facebook

usage predicts differential changes in the distribution of CF scores across counties. I conduct

this CF score analysis for both donors and recipients in order to measure changes in both

the ideological distribution of donors and the ideological distribution of the candidates they

donate to. While these two distributions are likely to be similar – and in fact are mechani-

cally linked due to the process by which CF scores are computed – it is in principle possible

that Facebook use could affect the two distributions unequally. For instance, if Facebook

spurred ideologically extreme individuals to donate more to political campaigns, but the ide-

ological composition of Congressional candidates remained the same, then we would observe

more polarization in the distribution of donor CF scores than in the distribution of recipient

CF scores. Conversely, if previously moderate donors became more likely to contribute to

extreme candidates, then we would observe a larger change in recipient CF scores than in

donor CF scores.

Table 6 reports the 2SLS estimates of the effect of Facebook use on the contribution-

weighted distribution of donor CF scores. Greater Facebook use leads to a marginally sig-

nificant increase in the share of contributions falling in the first tercile of CF scores, which
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Table 6: Effect of Facebook Use on Distribution of Donor CF Scores

(1) (2) (3)
∆ Liberal ∆ Moderate ∆ Conservative

Panel A. Reduced Form
Log(Students), 1999-2001 -0.7147 1.2243∗ -0.2938

(0.619) (0.673) (0.810)

Log(Students), 2002-2004 1.3023∗∗ -0.4486 -0.8686
(0.608) (0.691) (0.827)

Log(Students), 2005-2007 -0.3483 0.2885 -0.0501
(0.582) (0.638) (0.777)

N 2711 2711 2711
R2 0.2000 0.1409 0.1877

Panel B. 2SLS Estimates
Percent Facebook users 3.7064∗ -1.2767 -2.4722

(2.014) (1.970) (2.414)

N 2711 2711 2711
R2 -0.3347 -0.0095 -0.0723
Robust F-stat 12.366 12.366 12.366
Weak IV robust 95% CI (.596, 9.847) (-6.191, 2.545) (-8.876, 2.020)

Notes: Standard errors in parentheses. Coefficients can be interpreted as “one ad-
ditional percentage point of Facebook users in a county predicts an increase by 3.71
percentage points in the dollar amount of donations coming from liberal donors.” Ob-
servations are weighted by the log number of individual donors in the county in 2002.
The Democratic vote share and the number of votes cast in the 2000 presidential elec-
tion are included as control variables. Demographic controls are included for both 2000
and 2013; these controls include the log of the population, median income, the share of
the population in nine age categories and four racial/ethnic groups, and the share of
the population that is college-educated, English-speaking, and living in an urban area.
2013 controls also include the share of the population currently enrolled in a private
college or university and the share with a high school education.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 7: Effect of Facebook Use on Distribution of Recipient CF Scores

(1) (2) (3)
∆ Liberal ∆ Moderate ∆ Conservative

Panel A. Reduced Form
Log(Students), 1999-2001 -0.8847 1.9769∗∗ -1.1944

(0.684) (0.816) (0.913)

Log(Students), 2002-2004 1.6763∗∗ -2.9400∗∗∗ 1.0094
(0.706) (0.751) (0.899)

Log(Students), 2005-2007 -0.6489 2.1616∗∗∗ -1.3923
(0.643) (0.776) (0.873)

N 2711 2711 2711
R2 0.2516 0.2685 0.2786

Panel B. 2SLS Estimates
Percent Facebook users 4.7707∗∗ -8.3672∗∗∗ 2.8727

(2.424) (3.190) (2.642)

N 2711 2711 2711
R2 -0.4828 -1.1737 -0.0723
Robust F-stat 12.366 12.366 12.366
Weak IV robust 95% CI (1.026, 12.354) (-19.105, -3.693) (-2.044, 9.673)

Notes: Standard errors in parentheses. Coefficients can be interpreted as “one ad-
ditional percentage point of Facebook users in a county predicts an increase by 4.77
percentage points in the dollar amount of donations going to liberal recipients.” Obser-
vations are weighted by the log number of individual donors in the county in 2002. The
Democratic vote share and the number of votes cast in the 2000 presidential election
are included as control variables. Demographic controls are included for both 2000 and
2013; these controls include the log of the population, median income, the share of
the population in nine age categories and four racial/ethnic groups, and the share of
the population that is college-educated, English-speaking, and living in an urban area.
2013 controls also include the share of the population currently enrolled in a private
college or university and the share with a high school education.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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represents the liberal group of donors. No significant effect is observed for the other two

terciles, although both have negative point estimates. Facebook use has a larger effect on

the distribution of recipient CF scores, as Table 7 shows that counties with more Facebook

users exhibit a significantly greater increase in donations going to liberal recipients and a sig-

nificantly greater decrease in donations going to moderate recipients. These results reinforce

the narrative that Facebook use causes people to develop more liberal political ideologies,

perhaps at the expense of moderate ideologies. Interestingly, Table 7 indicates that the per-

centage of the total contribution amount going to conservative candidates also qualitatively

increases, lending support to the result in Section 5.2 that Facebook may cause political

polarization as well as a leftward shift. Because this result lacks statistical power, how-

ever, evidence that Facebook causes an increase in conservative ideologies remains relatively

limited.

5.3.3 Placebo Test with Earlier Campaign Contributions

Tables A5, A6, and A7 present the results when replicating this analysis using campaign

contributions from 1990-2002 instead of 2002-2014. Because Facebook was not founded until

2004, we would expect that Facebook use would have no effect on the volume or ideological

composition of campaign contributions during this earlier period. Indeed, the coefficient on

Facebook use is insignificant for all outcomes tested over the period 1990-2002, showing that

the estimates reported earlier in this section are not simply capturing unobservables that are

correlated with a county’s propensity to contribute to political campaigns.

6 Conclusion

Over the past two decades, the rise of social media as a news source and mode of commu-

nication has raised important questions regarding the ways in which popular platforms like

Facebook influence American politics. These social media giants have become increasingly
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involved in the nation’s democratic processes, inspiring debate about the role of misinforma-

tion, censorship, and technology in the political sphere. While there is public disagreement

on the nature of these platforms’ influence, empirical work on the subject has been inconclu-

sive due to the difficulty of obtaining causal estimates of the effects of social media. Using

county-level exogenous variation in Facebook use created by the platform’s early expansion

to American universities, this paper produces the first causal, non-experimental estimate of

the effect of Facebook use on political attitudes and political participation. I find that Face-

book use leads to an increase in the Democratic vote share in the 2016 presidential election,

as well as greater rates of political participation and a decline in moderate political ideolo-

gies. Notably, these results do not align with the popular idea among many media sources

that Facebook has predominantly encouraged the spread of conservative views. While the

conclusions drawn here do not necessarily generalize across countries or different social media

platforms, the findings in this paper shed light on the crucial question of how social media

has changed political processes in the United States. Future research could use the empiri-

cal methods developed here to investigate the effects of Facebook use on marriage markets,

moral values, or a variety of other outcomes in and out of the political sphere, providing a

more thorough understanding of how social media platforms shape our societies.
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A Appendix

Figure A1: Number of Monthly Active Facebook Users over Time

Source: The Associated Press (2012)
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Table A1: First Stage Robustness Checks

(1) (2) (3)

Panel A. Public Schools with Low Selectivity
Log(Students), 1999-2001, low selectivity -0.0407 -0.0726 -0.0713

(0.085) (0.089) (0.089)

Log(Students), 2002-2004, low selectivity 0.0692 -0.0156 -0.0164
(0.082) (0.073) (0.073)

Log(Students), 2005-2007, low selectivity 0.6951∗∗∗ 0.3980∗∗∗ 0.4022∗∗∗

(0.077) (0.082) (0.082)

Panel B. Zuckerberg Cohort Defined as 2003-2005
Log(Students), 2000-2002 -0.0139 -0.0111 -0.0103

(0.109) (0.109) (0.109)

Log(Students), 2003-2005 0.4152∗∗∗ 0.3089∗∗∗ 0.3097∗∗∗

(0.106) (0.103) (0.103)

Log(Students), 2006-2008 0.3265∗∗∗ 0.1267 0.1249
(0.110) (0.109) (0.109)

Panel C. Zuckerberg Cohort Defined as 2001-2004
Log(Students), 1997-2000 -0.0823 -0.0584 -0.0588

(0.117) (0.118) (0.118)

Log(Students), 2001-2004 0.3871∗∗∗ 0.2328∗∗ 0.2335∗∗

(0.119) (0.116) (0.116)

Log(Students), 2005-2008 0.4339∗∗∗ 0.2255∗∗ 0.2252∗∗

(0.110) (0.109) (0.109)

Panel D. Effect on Twitter Users
Log(Students), 1999-2001 0.1739∗∗∗ 0.0916∗ 0.0928∗

(0.050) (0.051) (0.051)

Log(Students), 2002-2004 0.0524 0.0002 -0.0018
(0.051) (0.050) (0.050)

Log(Students), 2005-2007 0.1471∗∗∗ 0.0626 0.0650
(0.047) (0.046) (0.046)

Panel E. Clustering by CZ
Log(Students), 1999-2001 0.0242 0.0140 0.0143

(0.117) (0.116) (0.116)

Log(Students), 2002-2004 0.4639∗∗∗ 0.3064∗∗∗ 0.3061∗∗∗

(0.113) (0.109) (0.109)

Log(Students), 2005-2007 0.2571∗∗ 0.0967 0.0972
(0.109) (0.107) (0.107)

State FE Yes Yes Yes
2013 demographic controls Yes Yes
Election control Yes

Notes: Standard errors in parentheses. Demographic controls include the log
of the population, median income, the share of the population in nine age cat-
egories and four racial/ethnic groups, and the share of the population that is
college-educated, English-speaking, and living in an urban area. 2013 controls
also include the share of the population currently enrolled in a private college or
university and the share with a high school education.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A2: Placebo Test Using 1992-2000 Elections

(1) (2)
∆ Democratic Vote Share ∆ Turnout

Panel A. Reduced Form
Log(Students), 1999-2001 0.0717 -0.0020

(0.092) (0.002)

Log(Students), 2002-2004 -0.0376 0.0001
(0.087) (0.002)

Log(Students), 2005-2007 0.1311 0.0009
(0.086) (0.002)

N 2777 2777
R2 0.7309 0.7439

Panel B. 2SLS Estimates
Percent Facebook users -0.1204 0.0002

(0.276) (0.006)

N 2777 2777
R2 0.2279 0.6164
Robust F-stat 9.205 9.205

Notes: Standard errors in parentheses. Observations are weighted by the number of
votes cast in the county in the 1996 presidential election. The Democratic vote share
in the 1996 election is included as a control. Demographic controls are included for
both 2000 and 2013; these controls include the log of the population, median income,
the share of the population in nine age categories and four racial/ethnic groups, and
the share of the population that is college-educated, English-speaking, and living in an
urban area. 2013 controls also include the share of the population currently enrolled
in a private college or university and the share with a high school education.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A3: Effect of Facebook Use on Cable TV Watching

(1) (2) (3)
MSNBC Viewers CNN Viewers Fox News Viewers

Panel A. Reduced Form
Log(Students), 1999-2001 0.0474 -0.0116 0.0485

(0.064) (0.083) (0.094)

Log(Students), 2002-2004 0.0065 -0.0647 -0.1113
(0.056) (0.073) (0.084)

Log(Students), 2005-2007 0.0852 0.1535∗∗ 0.1460∗

(0.057) (0.069) (0.083)

N 2778 2778 2778
R2 0.3022 0.4368 0.3140

Panel B. 2SLS Estimates
Percent Facebook users 0.0204 -0.2032 -0.3496

(0.175) (0.227) (0.279)

N 2778 2778 2778
R2 0.1064 0.1786 0.0115
Robust F-stat 9.057 9.057 9.057

Notes: Standard errors in parentheses. The Democratic vote share and the number of votes cast
in the 2000 presidential election are included as controls. Demographic controls (all for the year
2013) include the log of the population, median income, the share of the population in nine age
categories and four racial/ethnic groups, and the share of the population that is college-educated,
currently enrolled in a private college or university, English-speaking, and living in an urban
area. Additional controls include the percentage of households with a cable subscription and the
percentage who had watched television in the last seven days.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A4: Effect of Facebook Use on Political Participation

(1) (2) (3)
Registered Voters Percent Donors Average Contribution

Panel A. Reduced Form
Log(Students), 1999-2001 0.0864 0.0052 -0.0439

(0.142) (0.054) (0.033)

Log(Students), 2002-2004 0.1085 0.1444∗∗∗ 0.0596∗

(0.128) (0.048) (0.032)

Log(Students), 2005-2007 0.0448 0.0687 0.0792∗∗

(0.130) (0.049) (0.032)

N 2778 2778 2778
R2 0.7179 0.4999 0.9350

Panel B. 2SLS Estimates
Percent Facebook users 0.3567 0.4750∗∗ 0.1961

(0.427) (0.206) (0.128)

N 2778 2778 2778
R2 0.4848 -0.3420 0.8345
Robust F-stat 7.942 7.942 7.942
Weak IV robust 95% CI (-.438, 1.996) (.173, 1.283) (-.001, .696)

Notes: Standard errors in parentheses. The Democratic vote share and the number of votes cast
in the 2000 presidential election are included as controls. Demographic controls (all for the year
2013) include the log of the population, median income, the share of the population in nine age
categories and four racial/ethnic groups, and the share of the population that is college-educated,
currently enrolled in a private college or university, English-speaking, and living in an urban area.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A5: Placebo Test Using 1990-2002 Campaign Contributions

(1) (2)
∆ Log(Individual Donors) ∆ Log(Total Amount)

Panel A. Reduced Form
Log(Students), 1999-2001 0.0532∗ 0.0610

(0.030) (0.038)

Log(Students), 2002-2004 -0.0126 -0.0437
(0.028) (0.038)

Log(Students), 2005-2007 0.0284 0.0396
(0.028) (0.037)

N 2454 2454
R2 0.2678 0.2576

Panel B. 2SLS Estimates
Percent Facebook users -0.0328 -0.1414

(0.089) (0.124)

N 2454 2454
R2 0.0405 -0.1216
Robust F-stat 7.546 7.546

Notes: Standard errors in parentheses. Observations are weighted by the log number of individual
donors in the county in 1990. The Democratic vote share and the number of votes cast in the
1988 presidential election are included as controls. Demographic controls are included for both
2000 and 2013; these controls include the log of the population, median income, the share of the
population in nine age categories and four racial/ethnic groups, and the share of the population
that is college-educated, English-speaking, and living in an urban area. 2013 controls also include
the share of the population currently enrolled in a private college or university and the share with
a high school education.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A6: Placebo Test Using 1990-2002 Donor CF Scores

(1) (2) (3)
∆ Liberal ∆ Moderate ∆ Conservative

Panel A. Reduced Form
Log(Students), 1999-2001 1.8053∗∗ -1.5302 -0.6421

(0.886) (0.972) (1.096)

Log(Students), 2002-2004 -0.9013 0.3905 0.1184
(0.809) (0.941) (1.056)

Log(Students), 2005-2007 -0.4366 1.8578∗ -0.5124
(0.834) (1.013) (1.029)

N 2454 2454 2454
R2 0.1682 0.1226 0.1849

Panel B. 2SLS Estimates
Percent Facebook users -1.8870 3.0884 -2.0514

(2.406) (2.811) (3.154)

N 2454 2454 2454
R2 -0.0246 -0.0947 0.0029
Robust F-stat 7.546 7.546 7.546

Notes: Standard errors in parentheses. Observations are weighted by the log number of
individual donors in the county in 1990. The Democratic vote share and the number of
votes cast in the 1988 presidential election are included as controls. Demographic controls
are included for both 2000 and 2013; these controls include the log of the population, median
income, the share of the population in nine age categories and four racial/ethnic groups, and
the share of the population that is college-educated, English-speaking, and living in an urban
area. 2013 controls also include the share of the population currently enrolled in a private
college or university and the share with a high school education.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A7: Placebo Test Using 1990-2002 Recipient CF Scores

(1) (2) (3)
∆ Liberal ∆ Moderate ∆ Conservative

Panel A. Reduced Form
Log(Students), 1999-2001 1.5143 -2.8539∗∗∗ 1.3529

(0.960) (1.107) (1.224)

Log(Students), 2002-2004 -0.3920 1.6427 -1.6909
(0.901) (1.049) (1.217)

Log(Students), 2005-2007 -1.5515∗ 3.0944∗∗∗ -1.2096
(0.925) (1.089) (1.215)

N 2454 2454 2454
R2 0.2238 0.2168 0.1953

Panel B. 2SLS Estimates
Percent Facebook users 0.0291 4.6689 -5.5787

(2.753) (3.665) (4.201)

N 2454 2454 2454
R2 0.0460 -0.1747 -0.1694
Robust F-stat 7.546 7.546 7.546

Notes: Standard errors in parentheses. Observations are weighted by the log number of
individual donors in the county in 1990. The Democratic vote share and the number of
votes cast in the 1988 presidential election are included as controls. Demographic controls
are included for both 2000 and 2013; these controls include the log of the population, median
income, the share of the population in nine age categories and four racial/ethnic groups, and
the share of the population that is college-educated, English-speaking, and living in an urban
area. 2013 controls also include the share of the population currently enrolled in a private
college or university and the share with a high school education.
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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