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ABSTRACT 

This paper applies supervised aggregated sentiment analysis and fixed effects models to 

comments on the popular social media platform Reddit to assess the impact of digital propaganda 

on users’ sentiments toward politicians ahead of the 2016 U.S. election. While some studies have 

attempted to quantify the impact of digital propaganda, none have been successful so far. Reddit 

also remains an under studied source of information about political opinions online and 

especially the impact of propaganda. For this paper, I used a set of accounts Reddit had identified 

as having engaged in coordinated inauthentic behavior starting before the 2016 election that are 

believed to originate with Russia’s Internet Research Agency, the body behind a significant 

portion of digital propaganda aimed at interfering with U.S. politics. Users who responded to 

posts made by these accounts formed my treatment group, and users who did not but who had 

used Reddit in similar ways formed my synthetic control group. A fixed effects model varying 

over time at the quarter level helped to further limit the impact of any time-invariant systematic 

differences between groups. As was commonly believed, it appears that exposure to propaganda 

predicted greater favorable comments about Donald Trump and fewer favorable comments about 

Hillary Clinton. However, contrary to expectations, I found no evidence of a shift in favorability 

toward Sen. Bernie Sanders, indicating that the IRA focused primarily on the two main 

candidates rather than using the senator as a wedge issue to divide potential democratic voters. 

 



iv 
 

ACKNOWLEDGEMENTS 

I would like to acknowledge my professors at the McCourt School of Public Policy, notably Dr. 

Stipica Mudrazija, who served as my thesis advisor, and Dr. Eric Dunford, who helped me with 

the technical aspects of programming in R. Both were invaluable. 

I would also like to acknowledge Jason Baumgartner of Pushshift.io. This thesis would also have 

been significantly more difficult without the API that he maintains. 

I want to acknowledge Georgetown’s Massive Data Institute. The MDI provides infrastructure 

for Georgetown students and faculty to leverage both Google and Azure cloud-based 

computational resources, which were essential for the completion of this project.  

I used a number of R and Python packages in the completion of this project, including tidyverse,1 

lubridate,2 here,3 skimr,4 verbal autopsy,5 ReadMe,6 reticulate,7 and rvest.8 

Finally, I want to thank everyone else who helped and supported me along the way. 

Alex Richardson 

 
1 Wickham et al., (2019). Welcome to the tidyverse. Journal of Open Source Software, 4(43), 
  1686, https://doi.org/10.21105/joss.01686 
2 Garrett Grolemund, Hadley Wickham (2011). Dates and Times Made Easy with lubridate. Journal of 
  Statistical Software, 40(3), 1-25. URL http://www.jstatsoft.org/v40/i03/. 
3 Kirill Müller (2017). here: A Simpler Way to Find Your Files. R package version 0.1. 
  https://CRAN.R-project.org/package=here 
4 Elin Waring, Michael Quinn, Amelia McNamara, Eduardo Arino de la Rubia, Hao Zhu and Shannon 
  Ellis (2020). skimr: Compact and Flexible Summaries of Data. R package version 2.1.   https://CRAN.R-
project.org/package=skimr 
5   Gary King and Ying Lu (2012). VA: Verbal Autopsies. R package version 0.9-2.12. 
  http://gking.harvard.edu/ 
6   Daniel Hopkins and Gary King, (2013). ReadMe: ReadMe: Software for Automated Content Analysis. 
  R package version 0.99836. http://gking.harvard.edu/readme 
7   Kevin Ushey, JJ Allaire and Yuan Tang (2019). reticulate: Interface to 'Python'. R package 
  version 1.14. https://CRAN.R-project.org/package=reticulate 
8   Hadley Wickham (2019). rvest: Easily Harvest (Scrape) Web Pages. R package version 0.3.5. 
  https://CRAN.R-project.org/package=rvest 

https://doi.org/10.21105/joss.01686
http://www.jstatsoft.org/v40/i03/
https://cran.r-project.org/package=here
https://cran.r-project.org/package=skimr
https://cran.r-project.org/package=skimr


v 
 

Table of Contents 
 

Introduction ................................................................................................................................................... 1 

Background ................................................................................................................................................... 5 

Understanding Reddit ............................................................................................................................... 5 

Literature Review .......................................................................................................................................... 8 

Understanding Disinformation Campaigns ............................................................................................... 8 

Existing Analysis of the Spread of Manipulative Content ........................................................................ 9 

Analytic Framework ................................................................................................................................... 13 

Synthetic Control Group Selection ......................................................................................................... 13 

Measuring Political Affinity ................................................................................................................... 16 

Modelling Differences in Political Affinity Over Time .......................................................................... 18 

Data and Methods ....................................................................................................................................... 21 

Obtaining Data ........................................................................................................................................ 22 

Synthetic Control Group Selection ......................................................................................................... 22 

Inferring Political Affinity ...................................................................................................................... 26 

Results ......................................................................................................................................................... 29 

Descriptive Statistics ............................................................................................................................... 29 

Inferential Statistics ................................................................................................................................ 35 

Discussion ................................................................................................................................................... 40 

Limitations .............................................................................................................................................. 40 

External Validity ................................................................................................................................. 40 

Technical ............................................................................................................................................. 41 

Hand Coding ....................................................................................................................................... 42 

Further Study .......................................................................................................................................... 43 

Conclusion and Policy Implications ........................................................................................................... 45 

References ................................................................................................................................................... 46 

 

  



vi 
 

List of Figures 
 

Figure 1: Forming the synthetic control set ................................................................................................ 15 

Figure 2: Process for breaking data into groups for ReadMe analysis........................................................ 18 

Figure 3: Time series models for estimating propaganda impact ............................................................... 19 

Figure 4: Percent of users posting in selected subreddits ........................................................................... 24 

Figure 5: Percentage point change in subreddit use .................................................................................... 25 

Figure 6: Hillary Clinton mentions by quarter (unexposed users) .............................................................. 31 

Figure 7: Hillary Clinton mentions by quarter (exposed users) .................................................................. 31 

Figure 8: Bernie Sanders mentions by quarter (unexposed users) .............................................................. 33 

Figure 9: Bernie Sanders mentions by quarter (exposed users) .................................................................. 33 

Figure 10: Donald Trump mentions by quarter (unexposed users) ............................................................. 34 

Figure 11: Donald Trump mentions by quarter (exposed users) ................................................................. 35 

 

List of Tables 
 

Table 1: Percentage share of all comments mentioning a candidate and raw comment numbers .............. 30 

Table 2: Hillary Clinton regression output ................................................................................................. 36 

Table 3: Bernie Sanders regression output ................................................................................................. 37 

Table 4: Donald Trump regression output .................................................................................................. 38 

 



1 
 

 

Introduction 
The Russian social media intrusion into the 2016 U.S. election posed immediate questions for 

American political society. Who was capable of launching this type of offensive? Are they still 

doing it? What were their goals? Did they achieve them? These have been prosecuted in the 

media to varying degrees of satisfaction, yielding the answers, “virtually anyone,” “yes,” “to 

change U.S. public opinion,” to the former three, respectively, and no satisfactory answer to the 

latter.  

We’re also interested in a number of further questions. What sorts of strategies were employed? 

Is it effective at changing minds? When is it effective at changing minds? These are more 

complicated to answer, not least because strategies vary widely, both among state actors that 

engage in social media manipulation and between the same actor over time. 

Some study has been dedicated to identifying the strategies employed by specific agents, notably 

Russia ahead of the 2016 election. We know, for example, that Russia targeted existing fault 

lines in American political culture, like race, gender, immigration, and sexual identity.9 In 

particular, it appears that Russian accounts pursued their goal of electing Donald Trump 

president by stoking animus with its “conservative” accounts and encouraging political non-

participation with its “liberal” accounts. We also have some indication of how Russia used its 

“bot” accounts – social media profiles that are wholly or partly automated. Research suggests 

that bots accounted for about 4.9 percent of Russian “liberal” accounts and 6.2 percent of 

 
9 Atkinson, Ryan. “Content Analysis of Russian Trolls’ Tweets Circa the 2016 United States Presidential Election,” 
August 2018. http://conservancy.umn.edu/handle/11299/199858. 
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Russian conservative accounts.10 Even more revealing is the degree to which one side was 

targeted – those same percentages accounted for 1,506 liberal bots and 32,513 conservative bots 

in that study’s sample. 

Much less quantitative study has been devoted to whether and when political manipulation on 

social media is effective in changing minds and actions. Shortly after the 2016 election, 

Facebook founder and CEO Mark Zuckerberg claimed that it was a “crazy idea” that 

manipulation on his platform had altered its outcome.11 This was quickly walked back12 after the 

scale of the operation became clearer and after it was remarked upon that an advertising business 

like Facebook’s relies fundamentally on altering the behavior of its consumers. A pivotal 2012 

study also found that exposure to the fact that Facebook friends had voted increased the chances 

that a Facebook user would him or herself vote,13 essentially proving that social media was 

capable of impacting political behavior in aggregate. 

Commentators and academics have pointed out that even a small change in the aggregate 

behavior of the voting public could have swung the outcome of such a close election, but 

analysis generally stops at this qualitative level. Virtually no research has attempted to establish 

 
10 Badawy, Adam, Emilio Ferrara, and Kristina Lerman. “Analyzing the Digital Traces of Political Manipulation: The 
2016 Russian Interference Twitter Campaign.” 2018 IEEE/ACM International Conference on Advances in Social 
Networks Analysis and Mining (ASONAM) (2018): n. pag. Crossref. Web. 
11 “Facebook’s Fake News: Mark Zuckerberg Rejects ‘crazy Idea’ That It Swayed Voters | Technology | The 
Guardian.” Accessed October 7, 2019. https://www.theguardian.com/technology/2016/nov/10/facebook-fake-
news-us-election-mark-zuckerberg-donald-trump. 
12 Levin, Sam. “Mark Zuckerberg: I Regret Ridiculing Fears over Facebook’s Effect on Election.” The Guardian, 
September 27, 2017, sec. Technology. https://www.theguardian.com/technology/2017/sep/27/mark-zuckerberg-
facebook-2016-election-fake-news. 
13 Bond, Robert M., Christopher J. Fariss, Jason J. Jones, Adam D. I. Kramer, Cameron Marlow, Jaime E. Settle, and 
James H. Fowler. “A 61-Million-Person Experiment in Social Influence and Political Mobilization.” Nature 489, no. 
7415 (September 2012): 295–98. https://doi.org/10.1038/nature11421. 



3 
 

a causal link between exposure to disinformation on social media and changing political 

positions.  

Understanding the degree to which computational propaganda is able to shift public opinion will 

only become more important. Following Russia’s lead, state actors like China, Iran, and Saudi 

Arabia have sought to influence foreign audiences for their own purposes.14 These “Advanced 

Persistent Manipulators” (APMs), are learning from each attempt and improving tactics. Equally 

problematic, domestic political actors are beginning to learn from and apply the same playbook.  

The goal of this study is to attempt to identify an effect on political sentiment resulting from 

exposure to digital propaganda. Specifically, I am looking for changes to political sentiment 

toward Hillary Clinton, Bernie Sanders, and Donald Trump. I have elected to include Senator 

Sanders to account for the theory that Russia used ongoing support for him as a means of 

discrediting Hillary Clinton during the general election.  

So far, no in-depth study has attempted to quantify the impact of Russian propaganda on the 

political views of Reddit users. There is, in fact, very little research that attempts to quantify the 

impact of Russian digital propaganda on any platform. The gap here is consequential; as of the 

most recent Gallup poll on the subject (2018 Aug 1-12), 39 percent of respondents thought that 

Russia had interfered and changed the outcome of the election, 36 percent thought that Russia 

had interfered and not changed the outcome of the election, and 16 percent thought that Russia 

had not interfered at all. Formulating an effective response to these tactics is much more difficult 

in an environment of uncertainty about how successful they have been thus far. This study 

 
14 Watts, Clint. “Advanced Persistent Manipulators, Part Three: Social Media Kill Chain.” Alliance For Securing 
Democracy (blog). Accessed October 7, 2019. https://securingdemocracy.gmfus.org/advanced-persistent-
manipulators-part-three-social-media-kill-chain/. 



4 
 

attempts to fill that gap by demonstrating an effect on the political opinions of users on Reddit 

resulting from Russian propaganda. 
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Background 

Understanding Reddit 

Reddit offers a unique and underutilized opportunity to research shifting political attitudes 

online. Unlike Twitter, which only allows for API access to the trailing seven days of data; or 

Facebook, which carefully controls access to its data, the entirety of Reddit can be accessed via 

API.  

Despite Reddit’s 330 million monthly active users15 – a number comparable to Twitter – the 

majority of disinformation research and discussion in the news focuses on other social media 

sites. It is difficult to say precisely why this is, but it may be that journalists and researchers 

overvalue the importance of Twitter.16 Reddit may also be perceived as less “mainstream” than 

Twitter, making Twitter the most accessible of the “major” platforms for researchers. 

Reddit is broken into categories called “subreddits” to which users subscribe, but three of the 

subreddits to which new users are subscribed by default, /r/news, /r/politics, and /r/worldnews, 

focus on U.S. and international politics. Other subreddits are devoted to political issues, specific 

candidates, or parties, which may prove to be a useful means of user self-categorization.  

In May, June, and September of 2016, the year that will be covered in this study, Pew Research 

found approximately 4 percent of American adults were users of Reddit.17 Of those, 70 percent 

reported getting news on Reddit and 45 percent reported that they had received information on 

the site about the then-upcoming election within the previous week. While the three months 

 
15 Feiner, Lauren. “Reddit Users Are the Least Valuable of Any Social Network.” CNBC, February 11, 2019. 
https://www.cnbc.com/2019/02/11/reddit-users-are-the-least-valuable-of-any-social-network.html. 
16 “Do Journalists Pay Too Much Attention to Twitter?” n.d. Columbia Journalism Review. Accessed April 3, 2020. 
https://www.cjr.org/the_media_today/journalists-on-twitter-study.php. 
17 Barthel, Michael, Galen Stocking, Jesse Holcomb, and Amy Mitchell. “Seven-in-Ten Reddit Users Get News on the 
Site.” Pew Research Center’s Journalism Project (blog), February 25, 2016. 
https://www.journalism.org/2016/02/25/seven-in-ten-reddit-users-get-news-on-the-site/. 
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studied during 2016 revealed a large number of comments about the 2016 election, those 

comments only made up about 1 percent of total comments. Further, it appears that many users 

were only engaged in politics in a limited way on the platform. Approximately 60 percent of 

users who named a candidate did so only once, and only 25 percent did so three or more times.  

There are also some important limitations to using Reddit as a proxy for the broader political 

conversation online. The large majority of news-reading users are male (71 percent), between 18 

and 29 years of age (59 percent), and self-describe as liberal (47 percent compared with 24 

percent of the American public).18 They also skew educated (48 percent reported having a 

college degree and 43 percent reported some college), overwhelmingly non-Hispanic white (74 

percent), and wealthy (42 percent report make more than $75,000 annually).19 Finally, Reddit 

played host to an important source of support for Sen. Bernie Sanders, who despite losing in the 

Democratic primary to former Secretary of State Hillary Clinton was mentioned in 165,000 

comments in Pew’s three month sample compared to 85,000 comments for Clinton and 73,000 

comments for Donald Trump.  

By contrast, Twitter has an almost even breakdown between female and male users,20 and 

race/ethnicity statistics that are a close match to the U.S. population’s. Twitter users skew 

wealthy in almost the same proportion as Reddit users – 41 percent make more than $75,000 per 

year compared to 32 percent of the population. They skew young, but not as young as Reddit 

 
18 NW, 1615 L. St, Suite 800Washington, and DC 20036USA202-419-4300 | Main202-857-8562 | Fax202-419-4372 
| Media Inquiries. “How the 2016 Presidential Campaign Is Being Discussed on Reddit.” Pew Research Center 
(blog). Accessed October 19, 2019. https://www.pewresearch.org/fact-tank/2016/05/26/how-the-2016-
presidential-campaign-is-being-discussed-on-reddit/. 
19 Pew Research Center’s Journalism Project. “Reddit News Users More Likely to Be Male, Young and Digital in 

Their News Preferences,” February 25, 2016. https://www.journalism.org/2016/02/25/reddit-news-users-
more-likely-to-be-male-young-and-digital-in-their-news-preferences/. 

20 2019. “How Twitter Users Compare to the General Public.” Pew Research Center: Internet, Science & Tech 
(blog). April 24, 2019. https://www.pewresearch.org/internet/2019/04/24/sizing-up-twitter-users/. 
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users – 29 percent fall between 18 and 29, and 44 percent fall between 30 and 49, compared with 

21 percent and 33 percent in the population, respectively. Twitter users are also more educated 

than the population, but again, not quite as educated as Reddit users: 42 percent are college 

graduates. 

The same statistics are not available for Facebook, but its use also skews young: 79 percent of 

U.S. adults between 18 and 29 and between 30 and 49, compared with 46 percent of adults older 

than 65.21 It skews slightly wealthy – 74 percent of adults making more than $75,000 per year 

use the platform compared with 69 percent of those making less than $30,000 per year. 

Similarly, 74 percent of adults with a college degree use Facebook compared to 61 percent of 

adults with only high school or less. Slightly more women than men use Facebook – 75 percent 

to 63 percent. 

Reddit is an important nexus of online political conversation in the U.S., and so understanding 

how disinformation affects political views on the platform is important even if we only learn 

how Russian propaganda affected a fairly specific, if relatively large, subset of the American 

voting population. While it is difficult to assess the degree to which the results from this study 

would be generalizable to other social media platforms or consumers of propaganda via other 

media (e.g. Russian state media), understanding how propaganda affected this specific group is 

an important first step. It is also likely that there are second-order effects resulting from users 

who have their opinions changed then changing others’ opinions both online and in person. 

  

 
21 “Share of U.S. Adults Using Social Media, Including Facebook, Is Mostly Unchanged since 2018.” Pew Research 
Center (blog). Accessed April 9, 2020. https://www.pewresearch.org/fact-tank/2019/04/10/share-of-u-s-adults-
using-social-media-including-facebook-is-mostly-unchanged-since-2018/. 
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Literature Review 

Understanding Disinformation Campaigns 

Despite a common perception that social media manipulation is rare or that Russia was the only 

country to engage in it, the technique of using covert social media profiles to influence public 

opinion is used by virtually every country with the capability.22 A recent study of the last three 

years identified 28 countries in 2017, 48 in 2018, and 70 in 2019, the U.S. and a number of 

prominent EU members among them. Goals vary significantly between APMs, but can be 

broadly categorized as supporting political viewpoints, attacking opposing viewpoints, 

distracting from political issues, driving divisions between group members, and suppressing 

viewpoints.  

Another important study similarly found that countries employ widely varying tactics in covert 

social media operations.23 For example, more authoritarian governments have a tendency to 

target their own citizens above foreign ones. This tracks with Russia’s long history24 of domestic 

propaganda online – a practice that may have built capacity for later intrusions abroad. Some 

countries prefer to target activists while others try to sway public opinion more broadly. Many 

used mixed tactics, to varying degrees of success. 

The source of digital propaganda also varies. Russia’s famous Internet Research Agency (IRA) 

represents a particularly professionalized, somewhat novel case. While the IRA is not an official 

part of the government structure, it is assumed that its actions are sanctioned by it. They are in 

semi-competition with the explicitly government GRU (Russian military intelligence). In the 

 
22 Ma, Cindy. “The Global Disinformation Order: 2019 Global Inventory of Organised Social Media Manipulation.” 
The Computational Propaganda Project. Accessed October 7, 2019. 
https://comprop.oii.ox.ac.uk/research/cybertroops2019/. 
23 Bradshaw, S., and P. Howard. “Troops, Trolls and Troublemakers: A Global Inventory of Organized Social Media 
Manipulation” 2017.12 (2017). https://ora.ox.ac.uk/objects/uuid:cef7e8d9-27bf-4ea5-9fd6-855209b3e1f6. 
24 Sobolev, Anton. “How Pro-Government ‘Trolls’ Influence Online Conversations in Russia,” n.d., 27. 
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U.S., much of what the report classifies as internal computational propaganda is carried out by 

public relations firms. External-facing influence campaigns are carried out by the CIA. Some 

countries use an uncompensated or semi-compensated approach. Israel leverages youth groups 

around the world and provides scholarships for notable posters. In Azerbaijan, participation in 

pro-government social media activities is a pathway to civil service postings. Finally, many 

simply pay notable influencers for support. 

The goals of each country – and organizations within countries – differ significantly as well. 

Internally, manipulative behavior on social media may be intended to support the government or 

it may be used by political parties jockeying for support. At times, it is used by private 

companies to suggest support for a new product or to save face after an embarrassing incident.25 

Externally, a country may employ social media manipulation tactics to influence the political 

process in another country, as with Russia in 2016, or it may attempt something more benign: 

The CIA’s Operation Earnest Voice had the stated goal of countering the radicalization process 

for violent extremists.26 

 

Existing Analysis of the Spread of Manipulative Content 

There has been a reasonable amount of scholarship on the alarming speed at which false 

information spreads online, though most is focused on fake news articles, to which there was 

particular attention paid in the aftermath of the 2016 election. (Note: The social media site 

 
25 “What Is This Weird Twitter Army of Amazon Drones Cheerfully Defending Warehouse Work?” TechCrunch 
(blog). Accessed October 7, 2019. http://social.techcrunch.com/2018/08/23/what-is-this-weird-twitter-army-of-
amazon-drones-cheerfully-defending-warehouse-work/. 
26 Fielding, Nick, and Ian Cobain. “Revealed: US Spy Operation That Manipulates Social Media.” The Guardian, 
March 17, 2011, sec. Technology. https://www.theguardian.com/technology/2011/mar/17/us-spy-operation-
social-networks. 
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discussed in all the analysis in this section is Twitter unless otherwise specified.) Atkinson found 

that false news spread faster than the truth and in different ways.27 While regular news is 

generally spread through central, authoritative sources, fake news tended to diffuse through peer-

to-peer connections. This makes it resilient to debunking, because there is no obvious central 

source to make a correction. 

Corroborating analysis found that accurate news articles took on average six times as long to 

reach 1,500 people as fake news.28 Fake political news was especially viral, taking one third of 

the time to reach 20,000 people that regular political news took to reach 10,000 people. The 

authors explained this effect through users significantly increased likelihood to share fake news, 

even though these users tended to have fewer followers than sharers of regular news. This, in 

turn, was explained through the stronger emotional content – especially feelings of surprise or 

disgust – of fake news. 

Disinformation may even be an unfortunate moniker, because at least one analysis of Russian-

backed disinformation accounts reveals that only a small minority of their activity makes use of 

fake news.29 Instead, the authors found that these accounts focused on sharing real, but 

sensational stories, especially about politics and crime and of a gruesome or negative nature. The 

content of the tweets themselves was also full of emotional and antagonistic statements. 

Of course, this is not to say that fake news did not play an important role. Analysis by Grinberg, 

et al. reveals that about 5 percent of all exposures to political URLs were to fake news websites, 

 
27 Atkinson, Ryan. “Content Analysis of Russian Trolls’ Tweets Circa the 2016 United States Presidential Election,” 
August 2018. http://conservancy.umn.edu/handle/11299/199858. 
28 Vosoughi, Soroush, Deb Roy, and Sinan Aral. “The Spread of True and False News Online.” Science 359, no. 6380 
(March 9, 2018): 1146–51. https://doi.org/10.1126/science.aap9559. 
29 Farkas, Johan, and Marco Bastos. “IRA Propaganda on Twitter: Stoking Antagonism and Tweeting Local News.” In 
Proceedings of the 9th International Conference on Social Media and Society, 281–285. SMSociety ’18. New York, 
NY, USA: ACM, 2018. https://doi.org/10.1145/3217804.3217929. 
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as were 6.7 of URLs shared by panel members in the study.30 However, most of this was highly 

concentrated. About 1 percent of users accounted for 80 percent of exposures to fake news, and 

0.1 percent of users accounted for 80 percent of fake news sources shared.  

Finally, Grinberg also found that exposure to fake news roughly doubled in response to a tenfold 

increase in overall exposure to political URLs. It also increased in response to polarization – 

users on the Right and extreme Right were significantly more likely to be exposed to fake news 

than users in the center, and users on the Left and extreme Left were slightly more likely to be 

exposed. 

In conjunction, these facts allow us to build a rough theory of the IRA strategy ahead of the 2016 

election. Users closer to the center of the ideological spectrum were exposed repeatedly to 

negative and sensational politically-charged content that was amplified from legitimate news 

sources. As these users found themselves closer to the ideological extremes, they were more 

likely to be targeted with outright falsehoods. And as above, the content fed to the ideological 

Left was designed to promote political inaction and cynicism, whereas the content fed to the 

ideological Right was designed to promote political action on behalf of Donald Trump. 

In what was perhaps the only large-scale study to make such an attempt so far, Bail, et al. looked 

at longitudinal surveys of 1,239 Republicans and Democrats from late 2017 overlaid with 

information about interactions with Russian propaganda accounts between waves.31 The authors 

had access to the subjects’ Twitter accounts and the names of a large number of Russian 

 
30 Grinberg, Nir, Kenneth Joseph, Lisa Friedland, Briony Swire-Thompson, and David Lazer. “Fake News on Twitter 
during the 2016 U.S. Presidential Election.” Science 363, no. 6425 (January 25, 2019): 374–78. 
https://doi.org/10.1126/science.aau2706. 
31 Bail, Christopher A., Brian Guay, Emily Maloney, Aidan Combs, D. Sunshine Hillygus, Friedolin Merhout, Deen 
Freelon, and Alexander Volfovsky. 2019. “Assessing the Russian Internet Research Agency’s Impact on the Political 
Attitudes and Behaviors of American Twitter Users in Late 2017.” Proceedings of the National Academy of 
Sciences, November. https://doi.org/10.1073/pnas.1906420116. 
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propaganda accounts, allowing them to classify interactions with a list of named accounts as 

exposure to propaganda. This research design allowed for granular measurement of users’ 

political views, which is exceptionally rare in social media studies. However, the average Twitter 

user was still not exceptionally likely to interact with named Russian propaganda accounts, and 

so this research design resulted in an extremely small treatment group (n=44). It is unsurprising, 

then, that the authors found no statistically significant effect of propaganda on political views. 
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Analytic Framework 
My methodology begins with a list of presumed-Russian propaganda accounts32 identified by 

Reddit and expands to the users who interacted with them. As a result, it represents a substantial 

improvement upon the Bail et al. study in terms of number of exposed users (n=3,194), but 

sacrifices the detailed knowledge about users and their political opinions to which that study had 

access. Exposure is defined as responding to a post made by one of the listed propaganda 

accounts. Political opinion is instead measured as affinity for a number of political candidates. 

These, again, cannot be measured directly, but are inferred in aggregate using supervised 

aggregate sentiment analysis (SASA). Ceron et al. have demonstrated that sentiment analysis of 

social media can be used to effectively forecast the outcome of an election.33 Changes in those 

sentiments should therefore be representative of changes in likely voting behavior. These 

aggregated political sentiments are then compared in a fixed effects model at the quarter level to 

isolate the impact of exposure. 

 

Synthetic Control Group Selection 

While I had access to detailed information about user behavior on the Reddit platform, I had no 

information about them outside the platform. This meant that traditional controls, like age, race, 

sex, economic status, etc., were inaccessible. As a result, choosing an effective synthetic control 

group was essential. This was done by taking advantage of the subreddit structure of Reddit.  

 
32 “Reddit: The Front Page of the Internet.” n.d. Reddit. Accessed December 12, 2019. 
https://www.reddit.com/wiki/suspiciousaccounts. 
33 Ceron, Andrea, Luigi Curini, and Stefano Iacus. 2016. Politics and Big Data: Nowcasting and Forecasting Elections 
with Social Media. Politics and Big Data: Nowcasting and Forecasting Elections with Social Media. 
https://doi.org/10.4324/9781315582733. 
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It has been established in prior research34 that user characteristics like gender, mental health 

status, potentially race, etc., can be inferred using the subreddits that users comment in and the 

frequency of commenting. Research has also demonstrated that non-fixed characteristics, like 

users’ wants and needs, can be inferred using some of the same data in certain cases.35  

This is intuitive: Subreddits are formed around shared interests, and so activity in them can be 

considered evidence of interest. Users who post in the subreddits r/sandersforpresident, 

r/hillaryclinton, or r/the_donald are generally likely to support the associated candidates. Users 

who regularly post in r/ptsd, r/depression, or r/adhd are likely to have the associated condition or 

be close to someone who does. A conspiracy-minded user is more likely to post in r/conspiracy, 

a sports player in r/nfl, and a user with an interest in economics in r/economics.  

Making these inferences on the individual level is complicated work; any single subreddit gives 

only limited information about a user and may prove counterintuitive. The subreddit r/superbowl, 

for example, is devoted to sharing pictures of “superb owls.” Similarly, r/trees is devoted to 

marijuana while r/marijuanaenthusiasts is devoted to arboriculture. Luckily, I was in this context 

only concerned that our groups are acceptable matches for one another in aggregate. Individual 

characteristics are not relevant. This means that a group could be assumed to be a fair control 

group for exposed users if its users displayed similar aggregate commenting behavior across 

subreddits. 

 
34 Vasilev, Evgenii. "Inferring gender of Reddit users." (2018). https://hbz.opus.hbz-nrw.de/opus45-

kola/files/1619/Master_thesis_Vasilev.pdf 
35 Yan, Xinru. "Auto-Generated User Profile Schemas as a Lens for Understanding Product Experience Trajectories 
on Reddit." PhD diss., Carnegie Mellon University, 2019. https://www.lti.cs.cmu.edu/sites/default/files/Auto-
Generated%20User%20Profile%20Schemas%20as%20a%20Lens%20for%20Understanding%20Product%20Experie
nce%20Trajectories%20on%20Reddit_2.pdf 
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As seen in figure 1, the control group was formed by drawing subreddits randomly from a list of 

subreddits weighted according to the exposed group’s commenting history. A random time 

during the time period was then generated for each subreddit and the next comment made in that 

subreddit after the random time was drawn. The user responsible for that comment was then 

added to the control group and their entire comment history for the time period pulled in. 

 

Figure 1: Forming the synthetic control set 

The assertion that this group represents a fair synthetic control to the group of exposed users 

rests on a number of assumptions: 

1. This method is capable of selecting users who have sufficiently similar subreddit use 

behavior in aggregate.  

a. This assumption is to some degree testable, as demonstrated in the data and 

methods section. 

2. Given assumption 1: This similarity extends to users’ general political outlooks.  

a. This assumption does not require that the exposed group and control group held 

similar initial views – only that they were susceptible in similar way and to 

similar degrees to external political shocks. Given what we know about 

subreddits, this is believable. 

3. Users in the exposed group were more likely to encounter propaganda than users in the 

control group. 
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a. While users in the control group never responded to posts made by the list of 

identified propaganda accounts, it is exceptionally unlikely that this represents an 

exhaustive list. While it is unlikely that the control group never encountered 

propaganda, we can assume that the exposed group was as or more likely to 

encounter other propaganda accounts compared to the control group. 

 

Measuring Political Affinity 

I inferred an aggregated measure of political affiliation using SASA on user comments that make 

explicit mention of political candidates. Supervised sentiment analysis has been shown to 

outperform36 other methods of political text analysis, especially in predicting election outcomes 

using Twitter data.37 It comes with the limitation of not being able to classify individual 

comments; instead, it looks at groups of comments and estimates the proportion that fall into a 

list of predefined categories: in this case, “negative,” “neutral,” and “positive.” 

Specifically, I used the ReadMe38 package in R. This package is an adaptation of an earlier 

package, Verbal Autopsy, which was originally intended to estimate the causes of death in 

undeveloped areas without regular access to medical professionals by comparing verbal 

descriptions of the deceased’s symptoms to records from nearby hospitals. ReadMe lays on top 

of that package to accomplish a similar goal – a small sample of text data is classified by hand 

into any finite number of categories. The number of categories is arbitrary, but it is useful to be 

 
36 Hopkins, Daniel, and Gary King. 2010. “A Method of Automated Nonparametric Content Analysis for Social 
Science.” American Journal of Political Science 54 (1): 229–247. 
37 Gayo-Avello, Daniel. 2013. “A Meta-Analysis of State-of-the-Art Electoral Prediction From Twitter Data.” Social 
Science Computer Review 31 (6): 649–79. https://doi.org/10.1177/0894439313493979. 
38 Hopkins, Daniel, and Gary King. 2010. “A Method of Automated Nonparametric Content Analysis for Social 
Science.” American Journal of Political Science 54 (1): 229–247. 
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conservative in their selection. Words and word n-grams are used as binary features in a set of 

linear models that predict the portion of documents that fall into each category directly. The 

package uses cross validation in building a model and relies on adjusting sequential models using 

the specificity and sensitivity of the previous model. This would obviously not be possible if I 

was attempting individual classifications, but as I was only estimating proportions, it was 

possible to obtain significantly more accurate results. 

The package also selects a large number of subsamples in which there is significant variance 

across a group of 5 to 25 randomly selected word features. This helps to reduce the computing 

power that would otherwise be necessary for running the model on the full set of words and 

avoids the problem of sparseness in the word feature matrix. It also produces results that are 

slightly different every time the package is run individually. Bootstrapping allows us to 

overcome this problem. 

Because ReadMe doesn’t individually classify documents, I broke the data down into 

subcategories based on the model I ran. These categories included group: “exposed” and 

“control”; quarter: Q1, Q2, Q3, and Q4, and candidate: Hillary Clinton, Donald Trump, and 

Bernie Sanders.  
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Figure 2: Process for breaking data into groups for ReadMe analysis 

 

Modelling Differences in Political Affinity Over Time 

Obtaining the impact of propaganda from here became fairly simple. I ran a fixed effects model 

for each candidate’s positive score, negative score, overall “affinity” score (positive minus 

negative), and “polarization” score (positive plus negative minus neutral). Indicators for quarter 

serve as the time variable and indicators for group – “exposed” and “control” – serve as the panel 

variable. The regression was weighted by the number of comments in each group to account for 

their differing sizes. See equations in figure 3. 
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Figure 3: Time series models for estimating propaganda impact 

 

Fixed effects models are useful for controlling for omitted variable bias due to heterogeneity that 

does not vary over time. It is intuitive why this would be useful when using a synthetic control 

set: While the use of subreddits approximates a good match between the control set and the 

exposed set, there is no guarantee that the two consist of precisely equivalent users.  

Fortunately, the majority of these differences are likely to be invariant over time. Race and 

gender are completely invariant, and factors like age, income, and whether one is a parent are 

unlikely to change much in aggregate over the course of a year. Party affiliation and broad 

political outlook are mostly inflexible over the same time frame. The degree to which they do 

change differently between groups that is not explained by exposure to propaganda is likely to be 

minimal, but does present a valid line of critique that could be explored in further research. 

Finally, I used the number of comments in each candidate-group-quarter subset as analytic 

weights. I did not have access to the individual comment classifications that I would have needed 

to run a standard regression: 
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However, I did have the averages of y, allowing me to estimate39: 

 

Here, y, x, and u are averaged over i = 1,…,n.  An analytical-weighted (aweighted) regression 

transforms the equation to calculate standard errors using the knowledge that each observation is 

an average calculated from a sample of size n.   

 
39 “Stata | FAQ: Clarification on Analytic Weights with Linear Regression.” n.d. Accessed April 6, 2020. 
https://www.stata.com/support/faqs/statistics/analytical-weights-with-linear-regression/. 
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Data and Methods 
I obtained Reddit data using the Pushshift.io API, which is an independently maintained full set 

of Reddit comments and posts. For simplicity, I made use of the “psaw” API wrapper.40 

Identifying accounts engaged in coordinated, inauthentic behavior (i.e. computational 

propaganda) is exceptionally difficult. For that reason, I relied entirely on a list of approximately 

1,000 accounts such identified by Reddit.41 

I used the simple classifications “negative,” “neutral,” and “positive” for each candidate studied. 

While it is common for some political affinity studies to also include “very negative” or “very 

positive,” I elected not to in order to minimize the number of subjective decisions made in the 

hand coding process. The ReadMe package uses these classifications to generate estimates of the 

proportion of comments that fall into each category for each batch. The resulting unit of analysis 

is the group-quarter for each candidate.  

Finally, for simplicity I used Stata to run my final time series models. This simply consists of 

importing the data as a comma-separated values file and running each model individually using 

the number of comments in each candidate-group-quarter as analytic weights. I opted not to run 

any models that incorporate every candidate because my hypothesized impact of propaganda on 

affinity is different for different candidates. 

 

 

 

 
40 “Dmarx/Psaw.” n.d. GitHub. Accessed December 12, 2019. https://github.com/dmarx/psaw. 
41 “Reddit: The Front Page of the Internet.” n.d. Reddit. Accessed December 12, 2019. 
https://www.reddit.com/wiki/suspiciousaccounts. 
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Obtaining Data 

I used psaw to download every post made by the propaganda accounts Reddit identified between 

Jan. 1, 2016 and Dec. 31, 2016. From this list of posts, I pulled up to 1,000 users who responded 

to each. It would be possible to expand this further to every user who responded to a post, but 

time constraints and the computing power available placed limits on the degree to which that was 

possible. It should likewise be possible to pull in all comments made by the inauthentic accounts 

and then identify users who responded to them. This would be a promising direction for future 

research. 

The large majority of posts made by the propaganda accounts received fewer than 1,000 

comments. For those that received more than 1,000 comments, I obtained the 1,000 most recent 

comments. This represents a systematic biasing of results, because more engaged users generally 

interact with a post earlier in its life-cycle. However, because those most involved with the 

subjects that propaganda accounts were discussing are also those most likely to be swayed by it, 

this doesn’t present a problem because it biases my results toward zero.  

I filtered out users who had been deleted prior to being ingested by Pushshift.io, propaganda 

accounts that had been ingested because they commented in propaganda threads, and automated 

accounts. Finally, for each of these exposed users, I pulled in their comment histories for the 

same Jan. 1, 2016 to Dec. 31, 2016 time period. A similar process was repeated for obtaining 

data on the control group. 

 

Synthetic Control Group Selection 

The validity of this test relies on a valid “control group” generating using matching methods. 

There are several steps to accomplishing this. First, I generated a frequency distribution 
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describing the subreddits in which my “treatment group” of exposed users posted during 2016. 

This is a simple list that contains every subreddit and the number of times that it appears in the 

sample. A function then sums the total number of subreddit appearances, picks a random number 

in that range, counts through subreddit appearances until it reaches the selected number, and 

extracts that subreddit. This creates a list of subreddits of any specified length randomly drawn 

from the exposed group’s distribution. 

To randomize further, I created another function that randomly selects a date-time between 

January 1st 2016 and December 31st 2016. For each subreddit in the list, a new random date-time 

is selected and the next comment in that subreddit is ingested. The authors of these comments 

formed the control group. 

One of the assumptions made in using this method to form a control set is that, in aggregate, the 

drawn users will have similar subreddit profiles to the exposed users. The concern, in extremis, is 

that each control group user could have posted a single time in the group of treatment subreddits 

and otherwise confined themselves to non-treatment subreddit. To some extent, confidence in 

this control group can be justified by the degree to which users are selected more than once. If 

users were rarely or never selected more than once, we might conclude that our control group 

users were inconsistent with exposed users. In this case, I generated a list of 23,585 subreddits 

yielding 15,948 raw comments. Of these, 1,373 belonged to automated accounts or had been 

removed prior to archiving, resulting in 14,575 raw comments. Only 1,874 unique authors were 

found in this set, indicating that the average author had been selected 7.78 times. 

To further improve confidence that the control set is comparable to the exposed set, I have 

compared the percent of users who commented in a number of demographically-associated 

subreddits. See figure 4. 
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Figure 4: Percent of users posting in selected subreddits 

Categories: Mental Health, Gender, Hobbies (Video Games, Sports) 

Here, I compare the percentages of users who commented in two mental health subreddits, 

r/ADHD and r/depression; two gender-related subreddits, r/AskMen and r/AskWomen; and four 

hobby-related subreddits, r/pcmasterrace, r/gaming, r/nba, and r/nfl. As is evident, the samples 

are highly similar, though the control group was slightly less likely to participate in Reddit across 

the board. As we will see in figure 5, this may be due to unexposed users using Reddit slightly 

less over time. Two possible explanations might be that exposed users “leaned in” to Reddit as 

their chosen source of information or that unexposed users “pulled away” from Reddit as it 

became clear that the site was playing host to misinformation. In either case, the aggregate effect 

is quite small. 

Because I ran a fixed effects model in order to correct for any latent omitted variable bias, it is 

important that the distribution of subreddits in each sample not change significantly throughout 

the time period (except in ways that are endogenous to exposure to propaganda). If I had found 
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evidence that users in either sample changed their use of Reddit significantly, it might be cause 

for concern that omitted variables varying over time biased my results. 

 

Figure 5: Percentage point change in subreddit use 

Changes greater than 0.01 and new subreddits omitted 

 

As we can see, there is very little change in either group’s use of the overwhelming majority of 

subreddits. The unexposed group peaks just below zero change and drops to virtually nothing 

before a decline in subreddit usage of 0.2 percentage points. The exposed group skews very 

slightly more positive. In neither case does there appear to be any changes in users’ subreddit 

profile behavior. As noted above, it is possible that some of the difference between the exposed 

group and the control group here was due to the influence of propaganda, and thus endogenous. 
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Inferring Political Affinity 

To simplify analysis, I began by limiting my sample to comments that explicitly made mention 

of a number of terms: “Bernie,” “Sanders,” “Hillary,” “Clinton,” “Donald,” “Trump,” and 

several terms for “Republican” and “Democrat.” These latter terms were originally intended for 

assessments of party affinity, but both had too few mentions for effective analysis without 

significant additional work. 

The ReadMe package requires a very specific file pattern and a relatively small number of pre-

classified documents to act as a training set. There were approximately half as many comments 

(and users) in the control group compared to the exposed group, and so I hand coded 1,000 

control group comments and 2,000 exposed group comments. Comments were coded together – 

that is, not separated by candidate – in order to capitalize on overlap to the greatest degree 

possible. A large number of comments mentioned two or more candidates, allowing time to be 

saved during the hand coding process. The comments were randomly selected from the group of 

comments that mentioned a political candidate, not placed in chronological order, and only the 

body of the comment and the associated subreddit were visible.  

Each candidate received an individual score for each comment he or she was mentioned in. All 

coding was done by me – a limitation I attempted to mitigate with rules, randomization, and 

limiting my access to information during the coding process. I address this limitation in detail 

later. I applied the following rules in coding: 

• Unambiguous positive sentiment toward the target is coded as positive 

• Defending the target against criticism is coded as positive 

• A favorable comparison to another candidate is coded as positive 
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• Stating an intention to vote for a candidate, regardless of sentiment expressed, is coded as 

positive 

• Presenting information about a candidate’s position in the race (such as polling numbers) 

is coded as neutral 

• Predictions about a candidate’s likely performance based on fact (i.e. polling, previous 

performance) are coded as neutral 

• Predictions about a candidate’s likely performance that appear to be based purely on 

opinion are coded in the direction of the prediction 

• Statements that cannot be evaluated are coded as neutral 

• Questions that cannot be described as obviously leading to a pre-formed conclusion are 

coded as neutral 

• Irrelevant statements or statements that do not actually reference the candidate are coded 

as neutral 

• Stating an intention to vote specifically against a candidate is coded as negative 

• Unambiguous negative sentiment toward the target is coded as negative 

• An unfavorable comparison to another candidate is coded as negative 

• Broad statements about supporters of a candidate are treated as stand-ins for statements 

about the candidate 

The ReadMe package requires that each candidate-group-quarter subset exist within its own 

folder. In that folder, each comment is saved as its own text document, as is a control file saved 

in comma-separated values. The control file has three columns, one for the name of each 

document, one indicating whether it is part of the training set, and a third indicating its score, if it 

has one.  
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The package produces slightly different point estimates every time it runs because of the way it 

selects multiple subsets of word features randomly to build its model. To accommodate this 

problem, I used the readme function’s bootstrapping option to obtain more accurate point 

estimates. In the interest of time, I allowed each candidate-group-quarter subset to bootstrap 50 

times. 
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Results 

Descriptive Statistics 

Differences in candidate trends become immediately clear when we look at the proportion of 

comments in each dataset relating to each candidate. The way that these trends differ between the 

exposed and control groups are indicative of the impact of propaganda, even without knowledge 

of how they break down between positive and negative.  

For both groups, Hillary Clinton enjoyed a modest rise from her initial share of the conversation, 

which never went away. The exposed group saw a larger rise – about 61 percent at its peak 

compared to a rise of 20 percent for the control group. Similarly, Bernie Sanders’ share of the 

conversation started slightly higher than Hillary Clinton’s in both groups’ first quarters before 

declining slightly in the second quarter and evaporating in the third and fourth quarters. This 

undermines the commonly held belief that Russian propaganda was successful in using Bernie 

Sanders’ loss as a wedge against Hillary Clinton, but it is true that Sanders experienced a steeper 

decline among the control group (about 18 percent) than in the exposed group (about 9 percent) 

in the second quarter. Finally, Donald Trump experienced a consistent increase in both groups 

ending at just over double his first quarter share of the conversation in the fourth quarter. By the 

fourth quarter, Trump had amassed 4.57 percent of the conversation share – almost two points 

more than Clinton held at any time.  
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Table 1: Percentage share of all comments mentioning a candidate and raw comment numbers 

 First Quarter Second Quarter Third Quarter Fourth Quarter 

Hillary Clinton 

(Exposed) 

1.79% (22,024) 2.69% (38,304) 2.86% (41,127) 2.87% (35,675) 

Hillary Clinton 

(Control) 

1.11% (5,175) 1.20% (6,399) 1.33% (7,660) 1.28% (8,850) 

Bernie Sanders 

(Exposed) 

2.17% (26,722) 1.98% (28,166) 0.79% (11,278) 0.64% (7,897) 

Bernie Sanders 

(Control) 

1.46% (6,768) 1.20% (6,349) 0.48% (2,741) 0.38% (2,664) 

Donald Trump 

(Exposed) 

2.24% (27,555) 2.96% (42,154) 3.45% (49,508) 4.57% (56,799) 

Donald Trump 

(Control) 

0.95% (4,421) 1.29% (6,864) 1.72% (9,873) 2.19% (15,163) 

 

It may also be informative to compare the subreddits in which each candidate is mentioned most 

frequently. This provides useful context before examining SASA point estimates. Because 

Reddit encourages the proliferation of subreddits, each candidate quickly developed their own 

“activist” subreddit, where supporters congregated to discuss policies, campaign events, and 

planned activism. While debate can and often did break out in these subreddits – particularly 

when supporters of other subreddits entered them with this purpose in mind – the majority of 

debate between the supporters of a candidate occured in “neutral” spaces, like r/politics or 

r/PoliticalDiscussion.  

A high number of mentions within a candidate’s own subreddit is likely indicative of support. 

Conversely, a large number of mentions in another candidate’s subreddit may indicate polarizing 

opposition. 
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Figure 6: Hillary Clinton mentions by quarter (unexposed users) 

 

 

Figure 7: Hillary Clinton mentions by quarter (exposed users) 
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One interesting feature we see with Hillary Clinton’s mentions is that, among exposed users, 

r/The_Donald was consistently the most common subreddit to mention the former secreary after 

r/politics. We also see that Sec. Clinton’s own subreddit, r/hillaryclinton, barely made it into the 

top five in the second quarter – a feat it managed in no other quarter – whereas among unexposed 

users, her subreddit was the second most common source of mentions in the third and fourth 

quarters. More conspiracy-minded subreddits, like r/HillaryForPrison and the aptly-named 

r/conspiracy also featured among exposed users. Among both sets of users, Bernie Sanders’ 

subreddits made significant mention of Sec. Clinton, although interestingly, this is more common 

among unexposed users. 

In figure 7, we see that mentions of Bernie Sanders appear far more likely to have originated 

from Sen. Sanders’ own subreddits, r/SandersForPresident and r/Kossacks_for_Sanders. Only in 

the fourth quarter among exposed users did another candidate’s subreddit become the second 

most common source of mentions after r/politics. We can also see the Senator’s clear decline in 

popularity among both exposed and unexposed users in the third and fourth quarters. 
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Figure 8: Bernie Sanders mentions by quarter (unexposed users) 

 

 

Figure 9: Bernie Sanders mentions by quarter (exposed users) 
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Finally, in figure 8, we see an interesting dichotomy between exposed and unexposed users. 

Among exposed users, r/The_Donald was far and away the most common source of mentions 

after r/politics. However, among unexposed users, r/hillaryclinton edged into the second slot for 

the third and fourth quarters. This likely indicates a higher degree of negativity toward then-

Candidate Trump and suggests a strategy on the part of Sec. Clinton or her supporters that 

prioritized contrast. We can also see Trump’s obvious rise in share of the political discussion on 

Reddit as his numbers climbed significantly each quarter. 

 

Figure 10: Donald Trump mentions by quarter (unexposed users) 
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Figure 11: Donald Trump mentions by quarter (exposed users) 

 

Inferential Statistics 

Unlike previous studies, I obtained results that were statistically significant at the 5 percent level 

for both Hillary Clinton and Donald Trump when estimating overall affinity, and negativity and 

affinity, respectively. Further, I obtained a number of marginally significant results for each at 

the 10 percent level. All significant and marginally significant results held the expected sign and 

were substantively significant. For Bernie Sanders, I obtained no statistically significant results. 

The coefficients obtained from the Senator’s models were much smaller than those obtained for 

the former Secretary of State or now-President Trump and held inconsistent signs.  
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Table 2: Hillary Clinton regression output 

 

 

While the coefficients on exposure in the models estimating positive and negative sentiments for 

Hillary Clinton were only marginally significant at the 10 percent level, the combination of them, 

affinity (positive plus negative), was significant at the 5 percent level. Interpreting this 

coefficient, we can conclude that exposure to propaganda predicted a 30.7 percentage point 

decrease in overall affinity for Hillary Clinton. Similarly, interpreting the marginal coefficients, 

we would say that exposure predicted a 14.7 percentage point decrease in positive sentiments 

expressed toward Clinton and a 16.1 percentage point increase in negative sentiments.  

This is important, because it fits with the assessment of the intelligence community that the 

Russian government intervened in the 2016 election to help Donald Trump against Hillary 

Clinton. While the effect of exposure was slightly larger on negative sentiment than on positive 
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sentiment, the fact that they are so close to one another slightly detracts from the case that Russia 

focused on negative messaging. However, it could easily be the case that negative messaging 

decreased positive sentiment about as much as it increased negative sentiment. 

Table 3: Bernie Sanders regression output 

 

 

The models for Senator Bernie Sanders performed significantly worse than did those for Sec. 

Clinton. No coefficients were significant at even the 10% level. We also see conflicting signs – if 

we were to interpret the coefficients in the positive and negative models, we would be forced to 

conclude that exposure to Russian propaganda caused Reddit users to have both a less positive 

and a less negative view of the senator, to have a lower affinity for him, and to feel less polarized 

about him. This is not, technically, impossible – propaganda messaging could have had the effect 

of making exposed users feel more neutral about the candidate drawing slightly more from 
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positive than from negative – but it does not hold with any current mainstream thinking on the 

issue. 

The lack of findings here slightly undercuts the common understanding that the Russian 

government supported Sen. Sanders after the end of the Democratic primary in order to dissuade 

Democrats from voting for Sec. Clinton. If this relationship were to hold true, we would expect 

to see an increase in positive sentiment toward the senator as a result of exposure to propaganda. 

It is, of course, possible that this messaging was ineffective, that messaging related to Sen. 

Sanders varied over time, or that this model was not sensitive enough to capture the true impact 

of propaganda on sentiment for the senator. Further study might help to clarify this relationship. 

Table 4: Donald Trump regression output 
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In table 4, we see the most pronounced findings. The coefficients on exposed for both the 

negative and affinity models are statistically significant at the 5 percent level. These are -0.125 

and 0.242, respectively, meaning that exposure to propaganda predicted 12.5 percentage points 

fewer negative comments toward then-Candidate Trump and 24.2 percentage points higher 

overall favorable comments. The coefficient on exposure in a model predicting positive 

sentiment toward Donald Trump is -0.117 and marginally significant at the 10 percent 

confidence level. If we were to interpret this, we would say that Reddit users exposed to Russian 

propaganda had a view of then-Candidate Trump that was 11.7 percentage points less negative 

than did their unexposed peers. The finding of a statistically and substantively significant result 

is important because it validates the belief that the Russian government was in some way 

successful in changing the way that voters thought about the candidates ahead of the 2016 

election.   
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Discussion 
This study uses supervised aggregated sentiment analysis to attempt to draw a causal link 

between exposure to presumed-Russian propaganda on Reddit and changes to users’ political 

opinions in 2016. My results that are significant at the 5 percent level confirmed the hypothesis 

that Russian propaganda had the effect of supporting then-Candidate Donald Trump by 

increasing favorability toward him and by decreasing favorability for Sec. Hillary Clinton. 

Results that are marginally significant at the 10 percent level further support this conclusion. 

However, the absence of significant results in favorability models for Sen. Bernie Sanders casts 

some doubt on the theory that support for him was used as a crucial wedge issue by the Russian 

government.  Further study is needed to confirm these results and to more firmly establish a 

causal link from exposure to political sentiment. Still more steps are needed to draw a link 

between shifting political affinity online to changing voter patterns, and yet another to 

demonstrate that this represented a sufficient number of votes to change the outcome of the 

election. These results represent a starting point for researchers to use SASA to better understand 

manipulative social media techniques and the degree to which they are effective in changing 

users’ political opinions. 

 

Limitations 

External Validity 

The use of a synthetic control set means that these results are not strictly generalizable even to 

the broader Reddit community. Users in both sets may be more attuned to political messaging, 

more prone to conspiracy, or have some other trait that is not shared by Reddit users at large. The 

pseudonymous nature of Reddit means that we are also unable to easily gather information on 

what shared traits these users might have.  
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Users on Reddit are also not the same, demographically, as users of other social media 

platforms.42 This makes it difficult to predict the impact of propaganda on users of those 

platforms. While it seems likely that the impact of propaganda would be the same elsewhere as it 

is here, it would be informative to run similar studies examining the impact of consuming 

propaganda on Twitter, Facebook, and other social media websites. Another important area for 

further study is the impact of internationally-facing Russian state television programming, such 

as RT. 

Despite these limitations, a statistically significant finding represents important progress. The 

2016 election came down to historically thin margins,43 suggesting that even a small number of 

changed minds across the country could have affected the outcome. Further study will help to 

reveal more about who was most vulnerable to digital propaganda. 

 

Technical 

This study faced a number of technological and time-related constraints. First, while I was able 

to gather the majority of users who were exposed to top-level posts made in 2016 by the 

propaganda accounts Reddit identified, a small, but unknown number of users was not collected 

to limit the amount of time spent waiting for data to be gathered from the Pushshift.io API. 

While the vast majority of posts made by the propaganda accounts had fewer than 1,000 

 
42 NW, 1615 L. St, Suite 800Washington, and DC 20036USA202-419-4300 | Main202-857-8562 | Fax202-419-4372 
| Media Inquiries. “How the 2016 Presidential Campaign Is Being Discussed on Reddit.” Pew Research Center 
(blog). Accessed October 19, 2019. https://www.pewresearch.org/fact-tank/2016/05/26/how-the-2016-
presidential-campaign-is-being-discussed-on-reddit/. 
43 Patel, Jugal K., and Wilson Andrews. 2016. “Trump’s Electoral College Victory Ranks 46th in 58 Elections.” The 
New York Times, December 18, 2016, sec. U.S. 
https://www.nytimes.com/interactive/2016/12/18/us/elections/donald-trump-electoral-college-popular-
vote.html, https://www.nytimes.com/interactive/2016/12/18/us/elections/donald-trump-electoral-college-
popular-vote.html. 
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comments, a maximum of 1,000 comments were gathered per post. As mentioned earlier, the 

comments gathered were the most recent, meaning that any omitted users would be those users 

most engaged with the subject of the post. Because these users are likely to be the most 

susceptible to propaganda on those topics, I believe this omission biases my results toward zero. 

Similarly, a large number of users were not gathered because of the decision to forgo those who 

had responded to a comment made by a propaganda account rather than a post, for the same 

reason. Further study would be useful to determine whether interacting with propaganda 

comments had a different impact than interacting with posts 

I had also planned to use bootstrapping available in the ReadMe package to obtain specific 

standard errors that would replace the use of analytical weighting. Ultimately, this process 

proved too slow even on a remote server with 64 GB of RAM. Given enough time, it is possible 

that these standard errors could be used to estimate more accurate models with a greater number 

of statistically significant coefficients. 

 

Hand Coding 

Finally, the nature of this study and the lack of available funding imposed limitations on the hand 

coding process for SASA. The authors of the ReadMe package44 recommend between 100 and 

500 hand coded documents for each grouping, regardless of size, with a preference for about 

200. Due to time restraints, I was only able to code approximately 100 documents for many of 

the smaller groupings and in some cases fewer, resulting in RMSE in the estimates that are likely 

 
44 Hopkins, Daniel, and Gary King. 2010. “A Method of Automated Nonparametric Content Analysis for Social 
Science.” American Journal of Political Science 54 (1): 229–247. 
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to be greater than desirable (~3 percentage points). However, for the small number of categories 

I am using, that is an acceptable range. 

More importantly, it is not preferable for me to have hand coded these documents myself. 

Ideally, the coding would have been done by a number of assistants unfamiliar with the goals of 

the study. Their coding assignments would also overlap and a process set out to adjudicate 

comments for which they disagree on category. This type of structure would have eliminated 

questions of bias in the coding process, which could in turn bias my results.  

To prevent unconscious bias from affecting the hand coding process, I ensured that comments 

were randomized with respect to time in the coding set. I also hid all variables but the body of 

the comment and the subreddit and followed straightforward rules in coding. 

 

Further Study 

The essential question guiding this and other studies on digital propaganda ahead of 2016 is, “did 

foreign interference change the outcome of the election?” These results represent a first step in 

answering that question, but in addition to validating and expanding upon these results, several 

further avenues of study need to be explored.  

The next logical step would be to estimate second order effects. Once exposed users’ political 

opinions were changed, how persuasive were they in convincing other people to take up their 

point of view? Were these users able to change the minds of other users online? Did they change 

the minds of their families, friends, or coworkers? Are there third- or fourth-order effects from 

this? Study in this area would allow us to better understand the complete impact of propaganda 

on political opinion in the U.S. 
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From there, we would need to better understand the relationship between changing affinity for 

political candidates due to propaganda and voting behavior. Were these changes durable through 

the election? Did people actually cast votes based on their new political opinions?  

Finally, in the context of a U.S. election, which awards electoral college votes for each state 

won, it would be necessary to estimate where these users lived. It may also be important to 

determine whether users in different states had different reactions to digital propaganda. With 

this information in hand, we might be able to conclusively demonstrate the size of the impact of 

propaganda on the 2016 U.S. election. 
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Conclusion and Policy Implications 
From these results, it is clear that digital propaganda on Reddit changed the feelings of some 

users toward candidates Hillary Clinton and Donald Trump in favor of the latter. While the 

results here do not by themselves demonstrate that propaganda swayed the result of the 2016 

election, they do indicate that propaganda had an impact on the opinions of a group of 

Americans.  

This is important and should inform policymakers’ consideration of the threat that digital 

propaganda poses. Manipulation of public opinion on social media as it was conducted here is 

cheap.45 We are likely to continue seeing it into the indefinite future. Without real action on this 

issue, we may be ceding control of something that Americans consider essential to our 

democracy – the sovereignty of our elections. Further study should continue to examine the 

causal link from exposure to propaganda to changing one’s political opinions, but they should 

also examine who is most vulnerable and how. These questions may help experts and 

policymakers to implement ways of disrupting the process. 

Finally, it is important to reiterate that many countries are making use of these tactics to sway 

public opinion abroad in their favor. No American political party benefits from this in an 

unqualified way – the tactics that support one party in one cycle can just as easily be turned on 

them in the next cycle. It is essential that policymakers understand this for what it is: a grave 

threat to every modern democracy. 

 
45 Kharpal, Arjun. 2019. “Russia’s Hack into the US Election Was Surprisingly Inexpensive, Mueller Report Shows.” 
CNBC. April 23, 2019. https://www.cnbc.com/2019/04/23/mueller-report-russia-hack-of-us-elections-apparently-
inexpensive.html. 
 
 

https://www.cnbc.com/2019/04/23/mueller-report-russia-hack-of-us-elections-apparently-inexpensive.html
https://www.cnbc.com/2019/04/23/mueller-report-russia-hack-of-us-elections-apparently-inexpensive.html
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