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We study the effects of social media political advertising by randomizing sub-

sets of 36,906 Facebook users and 25,925 Instagram users to have political ads

removed from their news feeds for six weeks before the 2020 US presidential

election. We show that most presidential ads were targeted toward parties’

own supporters and that fundraising ads were most common. On both Face-

book and Instagram, we found no detectable effects of removing political ads

on political knowledge, polarization, perceived legitimacy of the election, polit-

ical participation (including campaign contributions), candidate favorability,

and turnout. This was true overall and for both Democrats and Republicans

separately.

Introduction

Digital advertising plays an increasingly important and controversial role in U.S. politics. Dig-

ital ads rose from 2-3 percent of political ad spending in 2016 to 18 percent in 2020, totaling

$1.6 billion (1). Many commentators have suggested that online ads may have profound im-

pacts on elections (2–4). For example, in his announcement that Twitter would not run political

ads in 2020, then-CEO Jack Dorsey wrote that “internet advertising ... brings significant risks

to politics, where it can be used to influence votes to affect the lives of millions” (5).

Moreover, there is significant worry about campaigns’ ability to target political ads to spe-

cific individuals on social media (6, 7). In 2020, over three fourths of Americans said that it

is not acceptable for social media companies to use data to target political ads, and over half

said that social media companies should not allow political ads at all (8). Internal Meta doc-

uments described in (9) outline potential concerns: “targeted political content can potentially

harm people by narrowly delivering divisive appeals to vulnerable audiences; inciting violence;

intimidating, discouraging, or misleading voters; creating echo chambers; and decreasing ac-

3



countability for politicians.”

We first present descriptive findings on the reach, targeting, and purpose of ads related to the

U.S. 2020 presidential campaign using internal data from Meta. We then present results from

a randomized experiment that removed all political ads from users’ Facebook or Instagram

feeds for the six weeks before Election Day and replaced them with non-political ads. To test

concerns specific to targeted political ads, we also implemented a condition that removed and

replaced only the subset of political ads on Facebook that were targeted with user data provided

by the advertiser (”list-targeted ads”). We estimate effects on political knowledge, polarization,

perceived legitimacy of the election, political participation (including campaign contributions),

candidate favorability, turnout, and vote choice. Prior literature has proposed mechanisms by

which political ads could substantially impact all of these outcomes (10–12). More details on

our sample, experimental design, outcomes, and data can be found in the Methods Section.

We contribute to a distinguished literature on the effects of political advertising (10, 11,

13–16). Many papers report “minimal effects” of political advertising (17–21), but others find

evidence of meaningful effects both online (22–25) and offline (12, 26–28). Our paper differs

conceptually from most prior work because we remove all or most political ads from users’

feeds instead of randomly varying exposure to specific ads across users. Thus, our paper com-

plements previous literature by providing information on the effectiveness of an entire social

media campaign in the weeks before the elections. Many hypothesized mechanisms by which

ads could affect outcomes—including voter (de-)mobilization, polarization, and perceptions of

election legitimacy—concern the aggregate impact of all ads to which voters are exposed (11),

and our large-sample study can capture these aggregate effects for online ads. In addition,

like (28), we are able to estimate the effects of a single party’s ads by exploiting the fact that

partisans saw almost exclusively ads from their own parties. We also go beyond prior work

in surveying tens of thousands of participants multiple times, observing a large suite of out-
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comes from both surveys and administrative data, and incorporating internal data from Meta

that provides insights into the reach and targeting of political ads.

We emphasize several important limitations. First, our estimates are only directly informa-

tive about the set of people who agreed to participate in the study. Second, although we include

direct measures of turnout and contributions, many of our outcome variables are self-reported.

Third, our estimates are specific to removing the last six weeks of social media ads in the US

2020 general election. Existing evidence suggests that political advertising could have larger

effects earlier in the election cycle and in elections that are less politically polarized and heavily

covered in the media, either in the US (29) or in other countries (24).

This project is part of the U.S. 2020 Facebook and Instagram Election Study, a collaboration

between Meta and academics. The lead academic authors had the final say on the pre-registered

analysis plan, had control rights over analysis decisions and the text, and Meta could not block

any results from being published. More details of this partnership are available in Suuplemen-

tary Notes 9 and 10.

Results

Descriptive Evidence

This section presents descriptive findings on the reach and targeting of political advertising on

Facebook and Instagram in the six weeks before the 2020 election. Unless noted otherwise,

these findings are based on ad exposure data for our Control group participants. We classify

the ad affiliation and its type using two external sources: OpenSecrets (OS) and Wesleyan

Media Project (WMP). OS provides a relatively narrow definition of presidential ads based

on financial ties (unless stated otherwise, we use this definition). WMP provides a broader

definition of presidential ads by predicting whether an ad can be associated with one of the

campaigns according to its text. For more details on ad classification see the Methods Section.
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Additional figures and tables are presented in Supplementary Note 6.

Ad loads were highly skewed. The top left panel of Figure 1 presents the distribution of

political ad load during the study period (in impressions per week) on Facebook and Instagram.

We define an “impression” to be a single instance in which an ad appeared in a user’s feed;

a given user may have multiple impressions of the same ad. The Facebook Control group

mean, median, and 99th percentile of political ad impressions were 23, 9.1, and 175 per week;

79 percent averaged at least one impression per week. The Instagram Control group mean,

median, and 99th percentile of political ad impressions were 6.2, 1.8, and 71 per week; 57

percent averaged at least one impression per week.

The variation in political ad load is partially predicted by observable characteristics; see

Supplementary Figure 2. For example, on both Facebook and Instagram, participants in swing

states and participants who voted in 2016 have higher ad loads.

Individual ads were often shown multiple times to the same user: over the full study period,

the average Facebook Control group user was shown 132 political ad impressions corresponding

to 72 unique ads.

Ads were seen primarily by their own partisans. The top right panel of Figure 1 presents

the average political ad load in the Facebook Control group by party identification. The top

line presents the overall political ad load, while the remaining four lines present presidential

ads favoring each party. Using their broader and narrower definitions, respectively, WMP and

OS coded 61 and 20 percent of Control group political ad impressions as presidential. Using

the WMP definition, 67% of the presidential partisan ad impressions were Democratic (the

corresponding figure among the full U.S. adult Facebook population is 65%).

While individuals saw on average more Democratic ads, there was substantial variation

based on the audience: Democratic presidential ads were shown mainly to Democrats, while
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Republican presidential ads were shown mainly to Republicans. Both types of ads were most

likely to be shown to the strongest partisans. Independents were shown the fewest political

ads overall (see Supplementary Figure 3) as well as the fewest presidential ads. Relatedly,

Supplementary Figure 2 shows that participants who reported being undecided voters on the

baseline survey see fewer political ads than those who reported that their minds were made up.

Supplementary Figures 4 and 5 show that almost all ads on Instagram that we can associate with

a party were pro-Democratic (based on the subsample of Instagram users for which we have ad

load data). This may partly reflect Instagram’s younger user base and the tendency of young

voters to favor the Democratic party.

Most political ads were list-targeted. About 62 percent of all political ad impressions shown

to the Facebook Control group were list-targeted. For Instagram, the share is 71 percent. When

focusing specifically on Facebook presidential campaign ads, this share is especially high: 73

and 90 percent of presidential ads were list-targeted according to the presidential ad coding

from WMP and OS, respectively. This heavy use of lists suggests that campaigns’ targeting of

their own partisans may be an intentional strategy.

Most list-targeted ads use multiple targeting strategies. About 54 percent of all political

ad impressions shown to the Facebook Control group used customer list custom audiences, 25

percent used website custom audiences, and 20 percent used lookalike audiences; see Supple-

mentary Table 7.

Fundraising ads were most common. The bottom panel of Figure 1 presents the distribution

of ad goals for presidential ads coded by WMP separately based on the participant’s party

identification and whether the ad is pro-Democratic or pro-Republican. Overall, 46 percent of

the presidential ad impressions seen by the Facebook Control group are categorized as seeking

donations, 26 percent as persuasive, 17 percent as collecting user information, and 5.5 percent
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as merchandise sales. Looking across the facets, own partisans primarily saw donation ads,

while persuasion was the most common goal of ads shown to supporters of the other party.

The goals of the ads indicate which outcomes are more likely to be affected when ads are

removed. Since persuasion and fundraising ads were the most common, we study the effects

on attitudes and turnout, and the effects on engagement (including on-platform donations) and

participation (including self-reported donations).

Beyond our sample, ads reached diverse ages and genders. Figure 2 shows characteristics

of Facebook political ads shown to the full U.S. adult Facebook population (rather than just

our study sample) in the 40 days before the election. The first panel shows the distribution

across ads of the share of impressions that were seen by male users. Most ads reached fairly

mixed audiences by gender, with 74 percent having between 40 and 60 percent impressions to

males. For comparison, the vertical line on the figure shows that 44 percent of users are male.

However, approximately 15 percent of political ads do appear to be narrowly targeted by gender,

with male shares close to either 0 or 100 percent.

The second panel shows the distribution of ads by the standard deviation of age across their

impressions. Most ads have a fairly large standard deviation, indicating that campaigns typ-

ically do not target a narrowly defined age group. Still, for most ads, the standard deviation

across ages is slightly lower than the population standard deviation of 17, indicating that ads

are not distributed at random and reach a somewhat narrower age range compared to the over-

all Facebook user base. This is consistent with Democrats and Republicans typically seeing

different ads, as illustrated in Figure 1, and age being correlated with party identification.
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Experimental Estimates

Estimating equation. We define Yi as an outcome, Ti as a vector of treatment group indicators

(with two elements for Facebook and one for Instagram), X i as a vector of controls, and νs as a

vector of randomization stratum indicators. As pre-specified, the controls X i are the variables

selected in a lasso regression of Yi on the baseline value of Yi (if available) and a vector of

demographics and baseline survey variables. Controlling for these predictors both improves

precision and reduces bias due to naturally occurring imbalances. The estimating equation is

Yi = τTi + ρX i + νs + εi, (1)

where the coefficient τ captures the average treatment effect of ad removal. Supplementary

Note 3 provides additional detail on control variables and variable construction.

Effects on ad load. The All Ad Removal groups mechanically saw zero political ads over

the study period. As described above, 62 percent of political ads and 90 percent of presidential

ads in the Control group would have been removed in the List-Targeted Ad Removal treatment.

Some of these ads were replaced by other (non-list-targeted) political ads. The average Face-

book user in the List-Targeted Ad Removal group saw 10 political ad impressions and 0.55

presidential ad impressions per week over the study period, compared to 23 political impres-

sions and 4.7 presidential impressions in the Control group.

Effects on primary outcomes. We study the effects of ads on nine pre-specified primary out-

comes: knowledge, affective polarization, issue polarization, perceived legitimacy, participa-

tion, engagement, Trump favorability, turnout, and Trump vote. Knowledge is the participant’s

score on factual questions related to the election, news, or general facts; affective polarization

is the difference in attitudes toward the participant’s own party versus the other party; issue po-
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larization is the extent to which the participant holds opinions closely aligned with their party;

perceived legitimacy is agreement with various statements implying that elections are free and

fair; participation is self-reported political participation, including attending protests or con-

tributing to candidates; engagement is engagement with political content on the focal platform,

measured using platform data; Trump favorability is the sum of Trump’s approval rating and

the difference between Trump’s and Biden’s thermometer ratings; turnout is whether the partic-

ipant reported voting; and Trump vote is defined as 1 for participants who voted for Trump, -1

for those who voted for Biden; and 0 otherwise. See the Methods Section and Supplementary

Note 3 for the precise definitions of these variables.

Figure 3 presents the average treatment effects of ad removal on these outcome variables.

The first seven variables are standardized into units of standard deviations within the Control

groups. The bottom two variables (turnout and Trump vote) are reported in their original units.

We estimate statistically zero effects on all primary outcomes, with tight confidence inter-

vals. None of the effects in Figure 3 are statistically significant at the 5-percent level after

adjusting for multiple hypothesis testing; see Supplementary Tables 8, 9, and 10. The 95-

percent confidence intervals rule out effects greater than 0.043 standard deviations for knowl-

edge, affective polarization and issue polarization, perceived legitimacy, and participation. The

confidence interval is even tighter for Trump favorability, ruling out effects greater than 0.024

standard deviations. The confidence intervals rule out turnout effects of greater than 0.0069

percentage points, and effects on Trump vote for the Facebook All Ad Removal and Instagram

treatments of more than 0.027 percentage points.

Many of our null results are precise enough to rule out substantively meaningful effects.

For comparison, college graduates in the Control groups have 0.67 standard deviations higher

knowledge than non-college graduates, and (30) estimate that affective polarization has grown

by an average of 0.021 standard deviations per year since 1978. We show below that our effects
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on vote choice are substantially more precise than previous estimates in the literature.

The effects on two primary outcomes are marginally significant after adjusting for multiple

hypothesis testing. First, the point estimate implies that All Ad Removal on Facebook may

have slightly increased engagement by 0.02 standard deviations (p = 0.01, q = 0.158). This

result could suggest that removing political ads from Facebook, while having the direct effect

of removing some political content, may increase overall engagement with (non-advertising)

political content on the platform. To unpack this finding, Supplementary Figure 6 shows effects

on individual components of the engagement index; most estimates are positive, with particu-

larly strong effects on engagement with candidates running for office. These effects on online

engagement could arise because political ad removal increases time on platform (regardless of

how people spent their time) or because political ad removal shifts online behavior (regardless

of time on platform). Supplementary Figure 7 provides some support for both channels: remov-

ing political ads increases civic content views more than total content views and may increase

time on platform. As our point estimate is only marginally significant after adjusting for multi-

ple hypothesis testing, it is also possible that the removal of political ads on Facebook did not

causally affect engagement.

Second, the point estimate implies that List-Targeted Ad Removal on Facebook may have

increased Trump vote by 0.027 units (p = 0.0069, q = 0.158). However, several other results

suggest that this may be idiosyncratic rather than a reflection of a true causal effect. First, we

do not find that All Ad Removal on Facebook affected Trump vote (see Figure 3 and Supple-

mentary Table 11), and most presidential ads were list-targeted. Second, any effects of Face-

book List-Targeted Ad Removal seem to be driven by users with below-median predicted ad

load (see Supplementary Figure 8), whereas we might expect users with lower ad load to have

smaller treatment effects. Finally, we do not find any detectable effect of political ad removal

on outcomes that one would expect would move in the same direction as vote choice: Trump
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favorability and secondary outcomes Republican vote share in state-level races, pro-Republican

affect, and pro-Republican issue positions (see Supplementary Table 12).

Secondary outcomes, including administrative data. In addition to primary outcomes, we

also pre-specified a set of 40 secondary outcomes, including individual components of the pri-

mary outcome composite variables as well as administrative data on campaign contributions and

voter turnout. While a few of the effects are individually statistically significant (as would be

expected to occur by chance), none of the effects are significant after adjusting for multiple hy-

pothesis testing; see Supplementary Note 7.2. For both outcomes where we have administrative

data (campaign contributions and voter turnout), the estimated effects are not statistically dif-

ferent from the estimates using self-reported data. In Supplementary Note 7.3, we also analyze

a set of pre-specified auxiliary outcomes.

Given the large share of ads focused on donations, effects on campaign contributions are of

particular interest. We find no statistically significant effect of ad removal on contributions, with

95 percent confidence intervals (-7.7, 2.3) and (-2.5, 0.78) in units of dollars in the survey and

administrative data, respectively. For example, we can rule out that seeing political ads over the

study period increased contributions by more than $2.5 per person in the administrative data.

In a non-pre-registered analysis in the Facebook sample, we also estimate effects on the prob-

ability of making campaign contributions. Compared to the continuous campaign contribution

variable, this binary variable better captures possible treatment effects on small donations that

might be induced by social media ads. We find no statistically significant effect of ad removal

on the binary outcome, with 95 percent confidence intervals of (-0.016, 0.004) and (-0.0049,

0.0022) in the survey and administrative data, respectively. Thus, we can rule out that seeing

political ads over the study period increased the probability of making a contribution by more

than 0.49 percentage points in the administrative data. These insignificant effects may sug-
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gest that few participants made contributions via donation ads, that those who did would have

contributed through other channels in the absence of the ads, and/or that the effects on contri-

butions were non-zero but smaller than we can detect even in our large sample. As we show

below, however, our confidence intervals include contribution effects that would be consistent

with a positive return to ad spending.

Subgroup analysis. As pre-specified, we estimate heterogeneous effects using four primary

moderators: (i) political party, (ii) an indicator for undecided voters, (iii) an indicator for voters

who identify as Black or Hispanic, and (iv) above-median predicted political ad load. The last of

these is designed to focus on users who would have seen particularly high volumes of political

ads absent our treatment, and who would therefore be most likely to exhibit large treatment

effects. We define predicted political ad load based on data from our Control group, where we

run a lasso regression of ad load in our study period on a set of predictors including baseline

political ad load.

Supplementary Note 8 presents the subgroup analyses. Even among those above the median

or 75th percentile of predicted political ad load, we do not find that the treatments had a signifi-

cant effect on any primary outcome other than engagement. There is no statistically significant

heterogeneity on any primary outcome by the other three primary moderators.

We also analyze heterogeneous effects by the predicted number of pro-Democratic ads (this

moderator was not pre-specified). We test whether participants who would have seen more

Democratic ads and were not exposed to these ads because of the treatment, were less likely to

vote or support Trump, compared to participants who would have seen more Republican ads.

We do not find evidence for such an effect.

Advertising effectiveness. To provide more context on the precision of the null effects on

vote choice, turnout, and contributions, we compute the implied returns to advertising spend-
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ing by Democratic and Republican presidential advertisers. Our experiment does not directly

identify the returns for a single campaign or party because our treatments removed all ads si-

multaneously. However, Figure 1 showed that people mostly saw ads from their own party. This

means that the effect of political ad removal on Democrats was similar to the effect of removing

only Democratic ads, and the effect on Republicans was similar to the effect of removing only

Republican ads.

To account for the fact that targeting to own-partisans was not perfect, we assume that ads

from a person’s own party and ads from the opposing party have equal and opposite effects. (If

we instead assumed that the effect of own-party ads was greater than opposite-party ads, our

estimates of returns to political ad spending would be closer to zero.) We also conservatively as-

sume that non-presidential ads have no effect on our outcomes. We define τ to be the treatment

effect of Facebook All Ad Removal among users from a particular party, ∆ to be the incre-

mental pro-party presidential ad impressions (i.e., pro-party impressions minus opposite party

impressions) seen by users from that party in the Control group, and p to be the ad cost per im-

pression. The treatment effect of ad removal per dollar of incremental pro-party ad spending is

then τ/(p∆). We assume that p is equal to $25.10 per thousand impressions, the average costs

of the ads in our WMP sample, calculated using the cost data provided in the Meta Ad Library

(to calculate costs we impute values at the midpoints of ranges provided by the Ad Library).

Table 1 presents the results. Panel (a) calculates ∆, the Control group incremental pro-party

ad impressions, separately using the OS and WMP ad definitions. The first and second columns,

respectively, show results for Democratic and Republican users (including independents who

“lean” toward the respective party). For example, using the WMP presidential ad sample, the

average Democratic user saw 74 more pro-Democrat presidential ads than pro-Republican pres-

idential ads over the study period. The third column pools Democrats and Republicans to cal-

culate incremental pro-party ad impressions across both parties.
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Panel (b) computes the cost-effectiveness point estimates and standard errors for net presi-

dential votes, turnout, and contributions. Turnout and contributions both use administrative data

instead of self-reports. All outcomes are signed so positive effects benefit the party correspond-

ing to the respective column. For example, Facebook All Ad Removal increased Democratic

users’ net votes for Biden (i.e., decreased Trump vote) by a point estimate of τ = 0.023. Divid-

ing that effect by the ∆p = $1.86 of additional pro-Democrat presidential ad spending (using

the WMP coding) seen by the Control group implies that each Pro-Democratic incremental ad

spending increased the Democratic vote by a point estimate of 0.012 votes per dollar.

Using the broader WMP presidential ad coding, and focusing on the pooled estimates, the

95-percent confidence intervals (based on the coefficients and standard errors reported in the

table) reject that $1000 of incremental pro-party spending yielded more than 30 net votes, 8.7

additional voters, and $2,208 of additional contributions. As a point of comparison for the net

vote effects, (28) estimate a cost per vote of $170 for television ads—i.e., a return of 6 votes per

$1000. Thus, we cannot rule out reasonably positive returns to advertising. Supplementary Note

7.4 presents additional tables analyzing electoral effects, including focusing only on participants

with above-median predicted ad load and analyzing self-reported outcomes instead of validated

outcomes. The conclusions are similar: none of the results are statistically significant, but we

cannot rule out positive returns for advertising.

Discussion

This paper provides experimental and descriptive evidence on the reach, targeting, goals, and

impacts of political advertising on Facebook and Instagram in the six weeks before the U.S.

2020 presidential election.

Our descriptive results show that political advertising on Facebook and Instagram is not

primarily used to target undecided voters with persuasive messaging. Instead, most social media
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ads seek campaign contributions and voter information, not mobilization or persuasion, and the

overwhelming majority of ads are seen by a party’s own supporters. These patterns hold both

for all presidential ads and for list-targeted presidential ads.

Our experimental results show that removing Facebook and Instagram political advertising

had no detectable effects on outcomes including candidate favorability, turnout, participation

(including contributions), political knowledge, polarization, and perceived legitimacy of the

election. This is true for both all political ads and the subset of list-targeted ads. It is true even

though political ad exposure was substantial—23 ads per week for the average Facebook user

over the study period, and 175 ads per week at the 99th percentile. In comparison, (28) report

that the average American was exposed to 8.4 political ads per week on television in the 60

days before the 2004, 2008, and 2012 elections. Our confidence intervals rule out even small to

moderate effect sizes. Our null effects are consistent with the fact that relatively few ads were

aimed at persuasion and mobilization. They stand in contrast to arguments in both the popular

press (2–7,9) and academic literature (12,29,31–37) that digital ads are likely to be key drivers

of political attitudes and election outcomes.

These results echo some prior experimental literature that has failed to find significant ef-

fects of online political ads (11, 29, 38). However, the large scale of our experiment means that

the precision of our estimates is greater than that in most prior work. We provide the large-

scale evidence of the combined impact of social media advertising on outcomes like turnout,

polarization, and perceived legitimacy of the election. For the effect on vote choice – arguably

the parameter that has received the most emphasis in the literature – Table 2 shows that our

estimates of the number of votes per 1,000 impressions are more precise than those in any prior

study of which we are aware. Supplementary Table 19 presents a similar comparison focus-

ing on the cost-effectiveness (votes per dollar) of ads. Supplementary Note 7.5 provides more

details on the calculations behind these tables.
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Our experiment advances the literature in several ways beyond sample size and precision.

First, we combine both surveys and linked administrative data from a social media platform in

an experimental study of political advertising. This allows us to provide a much broader and

more precise picture of the mix of advertising to which participants were exposed than would

be possible with surveys alone. Second, we are able to link our treatments to directly measured

turnout and contribution outcomes, limiting concerns about bias in survey self-reports. Third,

previous experiments have not studied political advertising on Instagram, one of the most pop-

ular social media platforms. Finally, our interventions were relatively light-touch. Participants

were aware that their feeds may have been modified in some way, but they did not know that this

would concern ads in particular and they were not made directly aware of their own treatment

status. This may limit concerns about experimenter demand effects.

At least in the 2020 US presidential elections context, our results provide evidence against

a number of specific hypotheses that have been prominent in the literature: for example, that

political ads are de-mobilizing and would tend to reduce participation and turnout (47–49); that

political ads can be polarizing and that this is likely to be especially true for digital ads (31,32);

that 2020 political ads and political micro-targeting were effective in undermining confidence

in the electoral system (33, 34); and that “micro-targeted” (or in our case, list-targeted) ads are

particularly effective in mobilizing supporters (12, 29, 35–37).

While we estimate precise null effects on many outcomes, our confidence intervals are nev-

ertheless consistent with a positive return to advertising spending. At the upper end of our

confidence intervals, even the effect on donations alone would exceed what advertisers paid for

their ads. Taken together, our results thus suggest that the impact of Facebook and Instagram

advertising on aggregate political outcomes was minimal at best, but that even very small effects

could have been enough to make the advertising worthwhile for campaigns, given its low cost.

We end by reiterating that our results are subject to important limitations. The estimates
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are only directly informative about the sample that selected into our study. They are specific to

the last six weeks of a highly-contested US presidential election, a situation where advertising

might have more limited effects compared to ads placed earlier or in elections where candidate

evaluations are less solidified (29). Many of our outcomes can only be measured in surveys,

and we cannot rule out that they are affected by measurement error and/or experimenter demand

effects. Further improving on these dimensions remains an important goal for future research.

Methods

Ethics

The U.S. 2020 Facebook and Instagram Election Study, which includes this research, was evalu-

ated and approved by the NORC Institutional Review Board (Protocol number 20.08.10, Project

number 8870). Academic researchers coordinated with their specific university IRBs to ensure

they followed regulations concerning human subject research when analyzing data collected

by NORC and Meta, as well as when authoring papers based on the results. Additionally, the

research group was provided ethical counsel by the independent company Ethical Resolve to

inform the study designs.

All participants in the study provided informed consent and allowed access to data on their

activity on the focal platform. Participants were informed that the experiment could involve

changing aspects of their on-platform experiences, but they were not informed of the specific

treatments for which they would be eligible or that the study was focused on political ads (sev-

eral companion papers (39–42) study treatments unrelated to political advertising).

As a mitigation strategy to minimize unanticipated negative effects, we defined a pre-registered

stopping rule, inspired by clinical trials, which would have ended a treatment if we detected that

it was generating changes in specific variables relevant to individual welfare that were much

larger than expected. The stopping rule conditions were not met and we did not have to stop the
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treatment. For more information on ethical considerations see Supplementary Note 10.

Experimental Design

This section provides a high-level overview of the experimental design. Figures 4 and 5 present

CONSORT diagrams summarizing the design. Additional details are in Supplementary Note 1.

We ran two parallel experiments, with Facebook and Instagram as the respective “focal

platform.” For each focal platform, Meta drew a stratified random sample of users who lived

in the U.S., were at least 18 years old, and had logged into their account at least once in the

past month. Meta placed survey invitations in these users’ focal platform feeds from August

31 to September 12, 2020. Participants completed a series of surveys implemented by NORC

at the University of Chicago, including baseline (responses collected September 8 - 21) and

endline (November 4 - 18) surveys. The questionnaires are included in Supplementary Note

13. Participants received base payments of $5 for completing the baseline survey, $20 for

completing the endline survey, and other payments described in Supplementary Note 1.

Just after the baseline survey, participants were randomized to a control group or one of

several treatment groups that varied the content they saw on their focal platform. Our paper

studies the two treatment conditions that removed political ads: “All Ad Removal” and “List-

Targeted Ad Removal.” We define “political ads” to be all ads that Meta’s classifiers determine

to be about social issues, elections, or politics (details here). In the All Ad Removal condition,

Meta removed all political ads and replaced them with non-political ads. In the List-Targeted Ad

Removal condition, Meta removed the subset of political ads that were targeted based on user

data provided by the advertiser and replaced them with other political or non-political ads. More

specifically, the List-Targeted Ad Removal condition removed and replaced ads targeted using

any of the following three strategies: customer list custom audiences (described here), which

are lists of people uploaded by the advertiser, website custom audiences (described here), which
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are sets of people who have visited the advertiser’s website, and lookalike audiences (described

here), which are users that Facebook’s internal algorithm estimates to be similar to users in a

set of users defined by the advertiser.

In both the All Ad Removal and List-Targeted Ad Removal conditions users’ total ad load

was unchanged and the ads were replaced with the next non-removed ad assigned to the user

based on the platform’s algorithm, regardless of the ad’s content. These two separate treatment

conditions allow us to speak directly to concerns described in the introduction about political

ads in general and targeted ads in particular.

In the Facebook experiment, we implemented both treatment conditions. In the Instagram

experiment, to conserve on the total number of treatment arms, we implemented only All Ad

Removal. In both experiments, the ads were removed starting on September 24th. We had

originally planned to continue the experiment into December, but Meta made an unexpected

decision (43) to stop serving political ads starting on Election Day (November 4th). We refer to

September 24th through November 3rd as the “study period.” Data collection and analysis were

not performed blind to the conditions of the experiments.

Balance and attrition

As described in Supplementary Note 1.3, we stratified randomization on self-reported party

identification, race/ethnicity, friend/following count, and an indicator for residence in a swing

state. Chance imbalance on some other baseline covariates occurred in our Facebook treatment

groups; see Supplementary Table 4. Other treatment conditions from the same randomization

that we study in parallel papers were balanced on observables, making it unlikely that this

reflects an error in randomization. (44) find that after controlling for observables that predict

the outcome (which we do), correctly implemented randomizations with chance imbalance are

no more likely to generate false hypothesis rejections than those without chance imbalance.
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The Instagram treatment groups were balanced on all covariates at randomization. More than

70 percent of the primary analysis sample completed the endline survey. Supplementary Tables

5 and 6 show that our samples remain similarly balanced on covariates after attrition and that

attrition rates did not differ significantly across control and treatment groups.

Participants and sample size

On Facebook, 14,643,120 users were invited to the study. Of these, 988,247 clicked the invi-

tation, 193,880 consented to participate, and 75,276 completed the baseline survey. A total of

36,906 were randomized to one of the two ad removal conditions or to the Control group and

did not delete their account or request data deletion. This final group is our “primary analysis

sample.” On Instagram, the analogous numbers are 4,618,628 invites, 531,164 clicks, 135,688

consents, 47,659 baseline completes, and 25,925 participants in the primary analysis sample.

We excluded users who deleted their account or requested data deletion from the analysis for

ethical reasons and since we could not access their data.

We determined the sample size to provide statistical power to detect small effects (with

beta = 0.8 and alpha = 0.05). For example, our power calculations were designed to detect

an effect of 1.5 percentage points on self-reported turnout in the Facebook sample and 1.4

percentage points in the Instagram sample.

Of the participants in our Facebook sample, 74% are white, 41% are male, 52% hold a

college degree, 55% identify as Democrats or lean Democrat, and 33% identify as Republicans

or lean Republican. In our Instagram sample, 61% are white, 38% are male, 58% hold a college

degree, 72% identify as Democrats or lean Democrat, and 20% identify as Republicans or lean

Republican.

For all analyses, including both descriptive findings and treatment effect estimation, we

weight our samples to be representative of U.S. focal platform (Facebook or Instagram) users
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on race/ethnicity, political party, education, baseline account activity, and (on Instagram only)

whether the respondent was in a swing state. See Supplementary Note 1.5 for additional details

on weighting.

Primary outcomes

We have nine pre-specified primary outcome variables. All primary outcomes other than en-

gagement are based on survey responses. Supplementary Note 3 provides precise definitions of

these primary outcomes as well as of our 40 secondary outcomes. Some of these outcomes are

also defined in other papers in the U.S. 2020 Facebook and Instagram Election Study (42).

The variable knowledge is the average of standardized scores on three sets of factual ques-

tions: (i) election knowledge (knowledge of candidates’ policy positions); (ii) news knowledge

(distinguishing recent news events from plausible placebo events that had not happened); and

(iii) fact knowledge (distinguishing true statements from misinformation that was circulating

about topics such as COVID-19 and fraudulent ballots).

Affective polarization is the average of three underlying standardized variables: (i) political

supporters polarization (the difference in participants’ favorability toward people who support

their own party versus the other party); (ii) political candidates polarization (the difference

in participants’ favorability toward their own party candidates running for office versus candi-

dates in the other party); and (iii) party smartness polarization (the difference in participants’

perceived smartness of people in their own party versus people in the other party).

Issue polarization is an index of participants’ opinions on eight political issues (immigra-

tion, repeal of Obamacare, unemployment benefits, mask requirements, foreign policy, policing,

racial justice, and gender relations). The signs of the variables are adjusted so that for each is-

sue, a higher value is closer to the participant’s own-party mean. A higher issue polarization

value should be interpreted as having opinions more closely aligned with one’s party.
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Perceived legitimacy is an index of participants’ agreement with the following six state-

ments: (i) elections are free from foreign influence, (ii) all adult citizens have equal opportunity

to vote, (iii) elections are conducted without fraud, (iv) government does not interfere with

journalists, (v) government protects individuals’ right to engage in unpopular speech, and (vi)

voters are knowledgeable about candidates and issues.

Participation is the sum of indicators for whether a participant reported doing the following

six activities: (i) attended a protest or rally, (ii) contributed money to a political candidate or

organization, (iii) signed an online petition, (iv) tried to convince someone how to vote (online

or in-person), (v) wrote and posted political messages online, and (vi) talked about politics with

someone they know.

Engagement is the average of 15 standardized components measuring engagement with po-

litical content on the focal platform, in the following seven groups: (i) likes, comments, clicks,

reshares, and reactions on content classified as “civic” (i.e., related to politics and social issues)

by Meta’s Civic classifier, described in Supplementary Note 2, (ii) views and clicks on Meta’s

Voter Hub (a tool that provided election-related information to voters), (iii) likes, comments,

and reshares on content from politicians running for office, and on Facebook only, (iv) indica-

tion of interest in going to civic events, (v) clicking on a petition, (vi) donations to civic causes,

and (vii) enabling a constituent badge. None of the engagement components include engage-

ment with political ads, so political ad removal has no mechanical effect on these outcomes. We

note that we had to modify the construction of this variable compared to the pre-analysis plan

because some data was not available and because some engagement indicators were always zero

in our sample (for details see Supplementary Note 11).

The Trump favorability variable is the sum of two standardized components: (i) Trump

approval ratings and (ii) the difference between Trump and Biden feeling thermometer ratings.

Turnout is an indicator of whether the participant reported voting.
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Trump vote is defined as 1 for people who reported voting for Trump, -1 for people who

reported voting for Biden, and 0 for those who did not vote or voted for some other candidate.

Voting records and campaign contribution data

We matched participants to state voting records and public records of campaign donations.

Supplementary Notes 1.6 and 1.7 provide details on this matching. These directly measured

outcomes are an important supplement to our survey-based outcome variables, as they have

different measurement errors (from matching errors instead of self-reporting errors) and are

available for matched users regardless of whether they completed the endline survey.

Advertising data

We record all political ads seen by our participants during the study period and match them to

metadata from the Meta Ad Library and to internal data on the type of targeting associated with

each ad. We match a subset of these ads to additional metadata from two sources: OpenSecrets

(OS) and the Wesleyan Media Project (WMP) (45).

OS provides data on all ads in the Meta Ad Library whose sponsoring page and/or disclaimer

are known organizations that provide financial support to presidential campaigns, including

Political Action Committees (PACs) and political parties. This provides a relatively narrow

definition of presidential ads based on financial ties. Unless stated otherwise, we use the OS

definition of “presidential ads.”

WMP provides data on all ads in the Meta Ad Library whose sponsoring pages ran at least

one ad containing keywords related to the 2020 presidential campaigns. They predict whether

each ad favored Biden or Trump using the ad’s text and a machine learning model trained on a

sample of ads whose sponsor can be associated with one campaign or the other (as in the OS

data). This provides a broader definition of presidential ads based on the ads’ content. WMP
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also trains a separate model to predict the primary “goal” of the ad from its text, based on a

hand-labeled training sample with five categories: (i) donation, (ii) purchase/merchandise, (iii)

prompting the user to sign up or provide information, (iv) persuasion, and (v) other.

We also use internal Meta data for the full set of political ads in the Meta Ad Library,

including the distribution of exposure to ads by user characteristics and the targeting strategies

associated with the ads. Supplementary Note 4 provides more details on the advertising data

sources and how they were matched with Meta data.

Pre-analysis plan

The pre-analysis plan was registered on September 23, 2020 and updated on May 8, 2023, the

day before endline data collection began. It specified our sample, how weights would be created,

the handling of missing data, the outcomes studied, our main specification, and subgroup analy-

ses. The plan also specified that we would use Benjamini-Hochberg sharpened False Discovery

Rate (FDR) adjusted q-values (46) to control for multiple hypothesis testing, with q < 0.05.

We did not substantively deviate from the pre-analysis plan. Supplementary Note 11 describes

clarifications and minor modifications which are mainly driven by changes in data availability.

These changes include focusing on ad exposure in Facebook due to missing Instagram data,

a change in the construction of several variables (time use, income, urban-rural, engagement,

knowledge) due to data availability and minor changes in the endline survey, not analyzing sec-

ondary and auxiliary variables for which data does not exist (additional polarization variables,

civic events in the feed, distribution of ads by race/ethnicity), and fixing mistakes in the figure

shells.
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Table 1: Electoral Effects by Party (Facebook)

Panel (a): Control Group Ad Impressions
(1) (2) (3)

Democrats Republicans Pooled
Share of users over study period 0.60 0.40 1.00
Political ad impressions per user over study period 139 133 137

Using OpenSecrets definition of presidential ads
Share coded presidential 0.182 0.243 0.206
Share of presidential coded pro-party 0.927 0.832 0.889
Incremental pro-party presidential impressions 22 21 22
Incremental pro-party presidential spending $0.542 $0.538 $0.540

Using WMP definition of presidential ads
Share coded presidential 0.630 0.602 0.619
Share of presidential coded pro-party 0.917 0.657 0.814
Incremental pro-party presidential impressions 74 27 55
Incremental pro-party presidential spending $1.863 $0.674 $1.391

Panel (b): Cost Effectiveness of Ads
(1) (2) (3)

Democrats Republicans Pooled
Point estimate Point estimate Point estimate

Net President votes per person seeing all ads vs. no ads 0.023 0.013 0.020
(0.013) (0.017) (0.011)

per $ incremental ad spending (OpenSecrets) 0.041 0.024 0.037
(0.024) (0.033) (0.020)

per $ incremental ad spending (WMP) 0.012 0.019 0.014
(0.007) (0.025) (0.008)

Turnout (percentage points) per person seeing all ads vs. no ads -0.016 0.002 -0.009
(0.014) (0.018) (0.011)

per $ incremental ad spending (OpenSecrets) -0.029 0.004 -0.017
(0.026) (0.034) (0.021)

per $ incremental ad spending (WMP) -0.009 0.003 -0.007
(0.008) (0.027) (0.008)

Contributions ($) per person seeing all ads vs. no ads 3.000 -0.640 0.956
(1.632) (1.356) (1.079)

per $ incremental ad spending (OpenSecrets) 5.432 -1.215 1.763
(2.956) (2.573) (1.991)

per $ incremental ad spending (WMP) 1.610 -0.950 0.687
(0.876) (2.011) (0.776)

Note: This table computes estimates of returns to political ad spending on Facebook, for outcomes measured in
administrative data. The first and second columns present separate results for Democratic and Republican users,
including independents who “lean” toward the respective party. The third column presents estimates for the pooled
sample. Panel (a) presents data on Control group political ad impressions. Panel (b) presents point estimates and
standard errors for the effects of presidential ad spending on net presidential votes, validated turnout, and validated
campaign contributions. “Net President votes” refers to the candidate of the respective party in each column (net
Democratic votes in the first column and net Republican votes in the second column.) The treatment effect per
dollar of incremental ad spending is τ/(p∆), where τ is the treatment effect of ad removal on an outcome, ∆ is
the treatment effect on net pro-party presidential ad impressions, and the ad cost p is equal to $25.10 per thousand
impressions.
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Figure 1: Control Group Political Ad Characteristics

Note: The top left panel presents the distribution of political ad load in the Facebook and Instagram Control
groups. The top right panel presents the average political ad load by political party identification in the Facebook
Control group, as well as the average presidential ad load favoring each party, as coded by OpenSecrets and the
Wesleyan Media Project. The bottom panel presents the distribution of presidential ad goals (as coded by Wesleyan
Media Project) shown to the Facebook Control group. The panel shows the distribution separately based on the
participant’s party identification (with independents who “lean” toward either party included with that party) and
whether the ad is pro-Democratic or pro-Republican.
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Figure 2: Distribution of User Demographics Across Political Ad Impressions

Note: This figure presents distributions of user demographics across political ads shown to U.S. adult Facebook
users in the 40 days before the 2020 election. The unit of analysis is an ad, and the observations are weighted by
the number of impressions. The dashed red lines display user-level averages across all users who saw at least one
political ad, constructed using internal data from Meta.
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Figure 3: Effects of Political Ad Removal on Primary Outcomes

Note: This figure presents average treatment effects of political ad removal estimated using equation (1). Our Face-
book sample consists of 36,906 participants, of whom 27,608 completed the endline survey. Our Instagram sample
consists of 25,925 participants, of whom 19,483 completed the endline survey. The horizontal lines represent 95
percent confidence intervals. For detailed results see Supplementary Tables 8-10.
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Figure 4: CONSORT Flow Diagram Facebook

Shown feed banner (n = 14,643,120)
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Note: This figure presents a flow diagram of recruitment, randomization, and sample statistics for Facebook study
participants.
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Figure 5: CONSORT Flow Diagram Instagram

Shown feed banner (n = 4,618,628)
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• Completed endline
survey (n = 8,049)

Allocated to 3 other
groups (n = 21,015)

Note: This figure presents a flow diagram of recruitment, randomization, and sample statistics for Instagram study
participants.
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