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Abstract

The spread of misinformation related to health, especially
vaccination, is a potential contributor to myriad public health
problems. This misinformation is frequently spread through
social media. Recently, social media companies have inter-
vened in the dissemination of misinformation regarding vac-
cinations. In the current study we focus on YouTube. Recog-
nizing the extent of the problem, YouTube implemented an
informational modification that affected many videos related
to vaccination beginning in February 2019. We collect origi-
nal data and analyze the effects of this intervention on video
viewership. We find that this informational intervention re-
duced traffic to the affected videos, both overall, and in com-
parison to a carefully-matched set of control videos that did
not receive the informational modification.

Introduction

In September 2018, a massive measles outbreak was re-
ported in New York City—a city that had been regarded
as measles-free for decades (Jacqueline 2019b). A simi-
lar outbreak affected the state of Oregon in early 2019
(Jacqueline 2019a). These events cannot be viewed as sim-
ple anomalies. The World Health Organization has reported
that measles cases are growing, and they suggest that this
trend is deeply related to shortcomings in vaccination cover-
age (WHO 2018). Individuals’ decisions to opt out of vacci-
nations have been caused, in part, by exposure to misinfor-
mation on social media (Dunn et al. 2015). There are many
versions of misinformation about vaccination: a link with
autism (Motta, Callaghan, and Sylvester 2018), dangers of
injections for infants (Callaghan et al. 2019), a conspiracy
to support pharmaceutical companies (Attwell et al. 2018),
and so forth. These false characterizations are not new, but
social media can serve to disseminate them more widely and
quickly than has been done in the past.

Research across several disciplines has addressed the
topic of misinformation related to vaccination (Covolo et al.
2017; Pandey et al. 2010; Wang et al. 2019). Much of this
work has focused on the differences in content between pro-
vaccination and anti-vaccination videos (Covolo et al. 2017,
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Keelan et al. 2007), while others investigate how attitudes to-
wards vaccination are affected by watching anti-vaccination
videos (Robichaud et al. 2012). However, little research ad-
dresses the ways in which the dissemination of misinfor-
mation can be effectively reduced. Social media companies,
such as YouTube, Facebook, Reddit, and Twitter, have de-
veloped tactics to deal with misinformation (Shen and Rose
2019; Pham et al. 2018). We conduct a case study of a recent
intervention conducted by YouTube (O’Donovan 2019). In
February 2019, YouTube added a link to, and a preview of,
the Wikipedia page on “Vaccine Hesitancy” below videos
addressing vaccines. We analyze the effects of YouTube’s
intervention on engagement with affected videos. Specifi-
cally, we ask whether the placement of the link affected the
viewership rate of affected videos. In the absence of data on
historical viewership, we develop a novel approach to using
time-stamped comments as a proxy for viewership. Our cen-
tral finding is that the rate of viewership was substantially
decreased through the placement of the link.

An Intervention by YouTube

Misinformation about vaccination from YouTube videos is
problematic for several reasons. Above all, existing stud-
ies find that videos with misinformation about vaccination
tend to be more viral than videos about vaccination in gen-
eral (Song and Gruzd 2017). Viewing anti-vaccine videos
tends to induce further recommendations to anti-vaccine
videos (Song and Gruzd 2017). Lastly, anti-vaccine videos
receive more likes and shares by users than vaccination re-
lated videos in general (Covolo et al. 2017).

YouTube rarely removes videos (Jordan and Shorland
2019). However, in February 2019, YouTube implemented
some interventions regarding the hosting of videos with anti-
vaccination content. YouTube “demonetized” some heavily
anti-vaccination channels, such as VAXXED TV, by delet-
ing advertisements from their videos. To other videos, they
added a Wikipedia link and page-preview to the page about
“Vaccine Hesitancy” (O’Donovan 2019). Figure 1 shows an
example of how the Wikipedia link appears on these videos.
The link and the preview appear directly beneath the video.
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Figure 1: Screenshot of an affected video on YouTube
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Research Objectives

Our goal is to determine whether YouTube’s intervention
had an effect on the viewership of affected videos. The in-
tended effect was obviously to decrease the average user’s
engagement with a video, defined in part by YouTube as
the total amount of time a video was viewed (Oliphant
2013). Total watch time would be reduced if viewers (1)
navigated to the Wikipedia link, or (2) left the page as
a result of the preview content, which defines Vaccine
Hesitancy as a “global health threat.” Since search rank-
ings of videos are tied to total view time (Oliphant 2013;
Venkatraman, Garg, and Kumar 2015), we suspect that, by
leading users to shorten view times for the affected videos,
the placement of the Wikipedia link would lead a video to
rank lower in YouTube’s search, in turn lowering viewer-
ship. We, unfortunately, cannot gather individual-user data
on the effect of the Wikipedia link on view time, but we
can analyze whether (and how) the aggregate trends in at-
tention to the affected videos changed after the intervention,
and how those changes compare to related videos that were
not affected by the Wikipedia link.

Research Design

We first discuss how we gathered our sample of videos,
through two methods: random walks through vaccine-
related content; and manual collection through YouTube’s
basic search function. For the random walks, we built a list
of fifty queries by adding “state name (e.g. Pennsylvania)”
and “vaccination.” We used state names to mimic a user
searching for content regarding a state’s vaccination policy,
and also to induce some variation in the results at which
each random walk began. Each walk included four steps:
1) search for the phrase; 2) click randomly on one of the
first five results; 3) click randomly on one of the first five
recommended videos; 4) repeat until: a) a video with the
Wikipedia link for “Vaccine Hesitancy” is reached, b) the
walk has taken ten steps, or c) neither the actual video title
/ description, nor any of the recommended video titles and
descriptions contain the root “vaccin.”

In addition to the random-walks, we searched directly
for videos with the Wikipedia link by using a set of high-
precision phrases in the YouTube search: “vaccine hesi-
tancy,” “vaccine denial,” and “vaccine safety.” In total, we
found 105 videos that contained the Wikipedia link. Since
we cannot accurately determine exactly when YouTube
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added the link, we use the date identified by BuzzFeed
(O’Donovan 2019), February 22, 2019, as the intervention
date.

Results

We are interested in understanding how the placement of the
Wikipedia link affected viewership. One challenge is that the
data available in the YouTube API (Sood 2019) does not pro-
vide time-stamped information about viewership. However,
we can measure the current viewership count, along with the
time-stamped comment count, using the YouTube API. We
propose using the variation in the number of comments, in-
cluding both original comments and replies, as as a proxy
for the variation in the number of views, since all comments
come with a time stamp. If comment and view counts are
highly correlated, we will measure approximately the same
behavior by focusing on comment counts. Below we present
evidence that comment and view count are strongly corre-
lated.
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Figure 2: Correlation plot of view and comment counts
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Figure 3: Effect of YouTube’s intervention on videos from
2015 to 2019

Figure 2 is a scatter plot plot of the logged view counts



and logged comment counts of our 105 videos. It shows a
clear positive Pearson’s correlation of 0.95 with 95% confi-
dence interval of (0.9210387, 0.9628768). Since our main
argument is about the longitudinal variation in the view-
ership of individual videos, not across-video comparisons,
we also check longitudinal co-variation of view counts and
comment counts within videos. Historical viewership data
on videos is not available from YouTube, but the Wayback
Machine, provided by the Internet Archive (Andersen 2013),
offers historical coverage of some of the videos in our sam-
ple. There are 11 videos on our list that were archived by the
Wayback Machine at least three times since January 1, 2018.
For these videos, the average Pearson’s correlation between
view and comment count is approximately 0.99. We are con-
fident in using comment counts as a measure of viewership.

Now we turn to the placement of the Wikipedia link and
its effect. We begin with a series of visual analytics, and then
move to a more precise estimation of the effect of the link
placement using regression analysis. To evaluate the effects
of YouTube’s initiative, we selected the 102 videos that had
at least one comment on September 1, 2018 or before and
plot their comment traffic day by day between January 1,
2015 and October 1, 2019, in Figure 3. We go back to 2015
to ensure that the patterns we observe are not merely cycli-
cal. The vertical date line shows February 22, 2019, the date
known to be the time of YouTube’s intervention. There is
a clear downward trend after the intervention. Even though
there are consistent positive outliers in January-March, the
only period in which we observe a sustained downward
trend is in the period following the intervention. The num-
ber of comments on videos clearly declines after the date
of YouTube’s action. We subject this result to a number of
robustness checks—in terms of both analysis with regres-
sion, and visualization of more precise and limited subsets
of data—to ensure that the pattern is not an artifact of some
other broader trend.
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Figure 4: Effect of YouTube’s intervention on videos from
demonetized channels

The other potential concern regarding our finding is
that the intervention’s effect is driven by a few influen-
tial observations—in particular those videos associated with
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demonetized channels. To assess this concern, we divided
the population by videos from demonetized channels and
non-demonetized channels, and conducted the same anal-
ysis. The demonetized channels, which were reported to
have been demonetized as part of YouTube’s intervention
(O’Donovan 2019), included in our sample are “Vaxxed
TV,” “LarryCook333,” and “iHealthTube.” The Wikipedia
link appears on most pages of the videos related to vaccina-
tion in these channels. Since YouTube’s demonetization de-
cision affects the channel’s incentives to disseminate videos,
and to produce new content, the pattern shown in Figure
3 might be driven by videos from these channels. In total
74 videos in our sample came from demonetized channels
while 31 are from non-demonetized channels.
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Figure 5: Effect of YouTube’s intervention on videos from
non-demonetized channels

The results depicted in Figures 4 and 5 demonstrate that
the pattern shown in Figure 3 is not a product of outliers
driven by demonetized channels.! In fact, the decreasing pat-
tern after the intervention is much stronger for videos from
non-demonetized channels.

Finally, we considered the possibility that the pattern
identified in our analysis emerges from a broader trend af-
fecting related videos. To evaluate this concern we collected
“control videos” which do not include the Wikipedia link but
are from the same channels as videos with the Wikipedia
link—meaning they covered similar topics, and were up-
loaded on a similar date. We collected control videos with
three criteria: 1) from the same channel as one of the origi-
nal videos; 2) upload date similar or identical to the original
videos; 3) view counts similar to original videos. We col-
lected 52 control videos which satisfied these criteria. Fig-
ure 6 shows the trend for the control videos. There is a brief
spike on the control videos in early 2019, but there is no
significant downward trend.

To this point we have presented our results in terms of
trend plots. Due to the dramatic nature of the trend, these are
compelling, but these are not concisely quantified. In our fi-
nal analysis, we present a precise estimate of the effect of the

!These plots are drawn starting in 2017 since there are no com-
ments on the demonetized videos prior to 2017.
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Figure 6: Comment counts of control videos

Post-intervention —44.06**
(14.77)
Observations 3,264
Weeks 243
Week-by-week variance  2,247.85
Overall variance 59,547.63

¥ < 0.001, **p < 0.01, *p < 0.05

Table 1: Regression estimate of the intervention effect. Stan-
dard error in parentheses.

intervention. In this analysis we define our outcome variable
as the difference between an affected video, and its corre-
sponding control video, in terms of the number of comments
per week, over 243 weeks (01/28/2015-10/01/2019). This is
analogous to a matching approach, in which the outcome is
the difference between a treated video and its selected con-
trol video. Each affected video is included in the data from
the first week that it was uploaded. Our predictor variable of
interest is an indicator (1/0) of whether the respective week
is post-intervention.We also include an intercept (i.e., fixed
effect) for each video (unreported for the sake of brevity), to
account for constant differences between the affected video
and its control video (e.g., topic, quality, length). The fixed
effects will account for any video-specific confounding vari-
ables that we did not measure (Pliimper and Troeger 2007).
We account for un-modeled temporal variation that affects
all videos (e.g, seasonality) using weekly random effects.
We estimate the model using the 1me 4 package (Bates et al.
2015) in R.

The results of our regression analysis are presented in Ta-
ble 1. We find that the intervention decreased the average
difference in weekly comments between affected videos and
their control videos by 44.06—a result that is statistically
significant at the 0.05 level. This is a substantively signif-
icant result, as the average difference in weekly comments
between affected and control videos, in our sample, is 37.05.
The intervention effectively eliminated the difference in at-
tention between the affected and control videos.
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Conclusion

The spread of misinformation about medicinal practice, es-
pecially vaccination, can severely threaten public health.
One common, and rapidly growing, conduit of misinforma-
tion is social media. It is important to understand what com-
panies can do to limit the spread of misinformation. We stud-
ied an informational intervention implemented by YouTube.
We found that the simple placement of an informational link
below a video decreased engagement with affected videos.
This intervention did not eliminate attention to these videos,
but it did reverse an upward trend. The placement of infor-
mational links does not represent a complete method for lim-
iting the spread of misinformation on YouTube, but, based
on our results, it does represent a modestly effective tool for
decreasing attention to misinformation.
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