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Research Article

Less reliable media drive interest in anti-vaccine
information

As progress on vaccine rollout in the United States slowed down in Spring 2021, it became clear that anti-
vaccine information posed a public health threat. Using text data from 5,613 distinct COVID
misinformation stories and 70 anti-vaccination Facebook groups, we tracked highly salient keywords
regarding anti-vaccine discourse across Twitter, thousands of news websites, and the Google and Bing
search engines from May through June 2021, a key period when progress on vaccinations very clearly
stalled. Granger causality tests showed that searches for anti-vaccination terms on Google as well as the
appearance of these terms on Twitter followed spikes in their appearance in less reliable media sites, but
not discussion in the mainstream press.
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Research questions

e Does news coverage influence users to seek out misinformation and post about it on social media,
or does media coverage reflect citizens’ interests?

e Do discussions on social media influence the media to report on and users to search for
misinformation terms, or does activity on social media reflect information users have gathered?

Essay summary

e We used vector auto-regression (VAR) models and Granger causality tests on time series data to
see if mentions of anti-vaccine information terms on social media and news media of varying
levels of credibility predict user interest as measured in search activity on Google and Bing search
engines, or whether Granger causality runs in the other direction.

e Spikes in the occurrence of anti-vaccine-related keywords (see Table 4) on unreliable media
predict search on Google while the occurrence of such terms in low-reliability media sites predict
the usage of these terms on the Twitter platform.

L A publication of the Shorenstein Center on Media, Politics and Public Policy at Harvard University, John F. Kennedy School of
Government.
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e Social media mentions of the same keywords do not predict search on either Bing or Google
search engines and vice versa.

Implications

Understanding the flow of misinformation between different kinds of media is a major research challenge,
and the nature of that flow has clear implications for public policy. Given the proliferation of social media
and online accessibility to media outlets that distribute news, “the problem of misinformation is less
related to scientific quality and rigor, and rather more related to the narrative disputes that occur in the
public sphere through digital communication” (Vieira Machado et al., 2020).2 Brennen et al. (2020) suggest
that digital misinformation originates from both top-down sources (e.g., politicians and celebrities, and
bottom-up sources (e.g., the average citizen). Turning to the dynamics of the spread of COVID
misinformation, Papakyriakopoulos et al. (2020) find that misinformation from mainstream information
sources spread to a higher number of users, although alternative and fringe outlets were found to produce
a larger volume of misinformation stories.

Anti-vaccine campaigns offer a relatively tractable topic for understanding such flows. Anti-vaccine
discourse on social media has been well-studied. Broniatowski et al. (2018) found that bots, Russian trolls,
and content polluters tweet about vaccination at higher rates than the average user and amplify the
vaccine debate. In the context of COVID, Sufi et al. (2022) report that anti-vax-related tweets with the
keyword “hoax” were found to have the highest level of social impact, with 38,849 retweets, and the
highest level of negativity, with a sentiment score of 0.87. By one calculation, social media accounts held
by so-called anti-vaxxers increased their following by at least 7.8 million from 2019 to 2020, 1 million
people follow anti-vaccine groups on Facebook, and 17 million people subscribe to similar accounts on
YouTube (Burki, 2020). Social media companies such as YouTube took actions to remove anti-vaccine
content, though some work found that only a small portion of anti-vaccine videos were being removed
(Locatelli et al., 2022).

While the literature identifies the possibility that both traditional and social media can play a role in
the spread of anti-vaccine information, it leaves a fair amount of uncertainty about their relative weight
in the process. To better understand the flow of anti-vaccine information between and across different
kinds of media, we introduced two innovations. First, we studied search traffic on anti-vaccine terms as a
key outcome. Second, we tested whether changes in the number of mentions of anti-vaccine keywords
on one medium (e.g., Twitter) predict changes on others (e.g., Google search). This approach enabled us
to provide evidence on whether news coverage influences users to seek out anti-vaccine information and
post about it on social media, or if media coverage and social media discussion reflect citizens’ interests
in a topic.

Of course, not all media are equal. Some sources prize accuracy and follow strong reporting standards,
and others do not. To deepen our analysis of how information flows across different aspects of the
information ecosystem, we divided media into different reliability categories using data from NewsGuard,
which assesses media sites on multiple dimensions, including the following criteria:3

e does not repeatedly publish false content

e gathers and presents information responsibly

e regularly corrects or clarifies errors

2 This article was produced using the International Fact-Checking Network’s database, the largest database on COVID fact-checks
available. It combines the fact-checks produced by the CoronaVirusFacts/DatosCoronaVirus alliance, produced by agencies in over
70 countries.

3 We did not use the NewsGuard criteria regarding financial responsibility, which include whether a website discloses ownership
and financing; clearly labels advertising; reveals who’s in charge, including possible conflicts of interest; and provides the names
of content creators, along with either contact or biographical info.



Siwakoti; Shapiro; Evans 3

e handles the difference between news and opinion responsibly

e avoids deceptive headlines
We found that searches for anti-vaccination terms on Google, as well as the appearance of these terms
on Twitter, follow spikes in their appearance in media sites that fail many of these criteria. These results
speak to the importance of low-quality news media in driving attention to misinformation and the need
for interventions targeting small-scale websites.

One limitation of our analysis is that running a keywords-based search to spot anti-vaccine terms does
not distinguish articles debunking a specific claim from those promoting it. Therefore, this analysis is best
understood as measuring the attention paid to anti-vaccination terms and not necessarily the promotion
of anti-vaccine claims. In the future, the analysis could be improved by using word embeddings, sentiment
analysis, and other machine learning techniques that can detect the context of sentences to infer if the
posts are promoting or debunking misinformation as opposed to being conversations containing
misinformation terms. This could potentially disentangle whether search activity is influenced by
conversations promoting misinformation or those debunking it. Also, the time series analysis using the
VAR models can be expanded by time period and by adding data from more misinformation terms as the
misinformation space is constantly evolving, especially with the emergence of communities that oppose
vaccines for COVID.

Findings

Finding 1: Unreliable media influence search behavior.

Mentions of anti-vaccine keywords in the media appear to influence search activity on the Google search
engine. Specifically, the rate of mentions of anti-vaccine keywords on a given day on unreliable sites
predicts the volume of search on those terms in Google. As seen in the impulse response analysis (see
Appendix A, Table A2), the magnitude of these effects is modest but in the expected direction (more

coverage leads to more search).

Table 1. Granger causality test results (media and search engine).

Media Reliability test stat critical value p-value df Direction of Granger Causality
Unrated 0.317 3.858 0.574 (1, 581) Bing Search to Media
Unrated 0.454 3.858 0.501 (1, 581) Media to Bing Search
Unrated 0.287 3.858 0.592 (1, 581) Google Search to Media
Unrated 2.373 3.858 0.124 (1, 581) Media to Google Search
High 0.204 3.858 0.652 (1, 581) Bing Search to Media
High 0.832 3.858 0.362 (1, 581) Media to Bing Search
High 0.179 3.858 0.672 (1, 581) Google Search to Media
High 1.654 3.858 0.199 (1, 581) Media to Google Search
Low 0.206 3.858 0.650 (1, 581) Bing Search to Media
Low 0.132 3.858 0.717 (1, 581) Media to Bing Search
Low 0.053 3.858 0.818 (1, 581) Google Search to Media
Low 1.175 3.858 0.279 (1, 581) Media to Google Search
Unreliable 0.082 3.858 0.775 (1, 581) Bing Search to Media
Unreliable 0.411 3.858 0.522 (1, 581) Media to Bing Search
Unreliable 0.140 3.858 0.708 (1, 581) Google Search to Media
Unreliable 6.478 3.858 0.011* (1, 581) Media to Google Search
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Finding 2: Low-rated media influence social media conversation.

We found evidence that the occurrence of anti-vaccine terms on low-rated media helps predict its
occurrence on social media (i.e., on the Twitter platform), as we see in Table 2. On the other hand, Granger
causality tests for the influence of Twitter mentions of anti-vaccine keywords on the media were
insignificant for all media categories.

Table 2. Granger causality test results (media and social media).

Media Reliability test stat critical value p-value df Direction of Granger Causality
Unrated 0.489 3.858 0.485 (1, 581) Twitter to Media
Unrated 2.051 3.858 0.153 (1, 581) Media to Twitter
High 0.431 3.858 0.512 (1, 581) Twitter to Media
High 1.150 3.858 0.284 (1, 581) Media to Twitter
Low 0.867 3.858 0.352 (1, 581) Twitter to Media
Low 5.422 3.858 0.020% (1, 581) Media to Twitter
Unreliable 0.006 3.858 0.936 (1, 581) Twitter to Media
Unreliable 1.114 3.858 0.292 (1, 581) Media to Twitter

Finding 3: Social media patterns do not help predict search.
We found no evidence that attention to anti-vaccine narratives on Twitter drove search activity or vice
versa, as we see in Table 3. Granger causality tests for the influence of Twitter mentions of anti-vaccine

keywords on search were insignificant for both Google and Bing and vice versa.

Table 3. Granger causality test results (search engine and social media).

test stat  critical value p-value df Direction of Granger Causality

0.021 3.858 0.886 (1, 581) Twitter to Bing Search

5.067e-06 3.858 0.998 (1, 581) Bing Search to Twitter

0.233 3.858 0.629 (1, 581) Twitter to Google Search

0.181 3.858 0.671 (1, 581) Google Search to Twitter
Methods

Our key question is whether changes in attention to anti-vaccine keywords on one medium (e.g., Twitter
or Google search engine) predict changes on others. To answer this question, we used vector auto-
regression (VAR), a forecasting algorithm used when two or more time series influence each other
(Lutkepohl, 2005). In the VAR model, each variable is modeled as a linear combination of past values of
itself and the past values of other variables in the system. In our settings, there are multiple time series
that can influence each other—that is, if social media influences search, then the more misinformation
terms show up in social media on a given day, the more we would expect them to show up in search in
subsequent days—which is modeled as a system of time series equations with one equation per variable.
The data for this analysis was collected in real time for Bing and between November and September 2021
for all other sources. This section describes our method in more detail.*

4 For more information on the VAR model used in this research, please see https://www.statsmodels.org/dev/vector_ar.html and
https://link.springer.com/book/10.1007/978-3-540-27752-1.
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Data

Media ratings. Data were collected on coverage of anti-vaccination keywords in the media from all
documents in Bing News containing either the terms “coronavirus” or “COVID.” Documents were counted
if they had one or more occurrences of the terms listed in Table 4. We categorized documents by the
combination of the five NewsGuard criteria, which received the highest weight in their aggregate score.’
Our news media data are a count of the total number of articles collected from Bing News on each date
for each criteria combination.® This data was then normalized by dividing the numerator by the number
of total documents (media coverage stories about COVID) per day for periods covering May to July 2021.

We broke media into five categories of source quality based on NewsGuard ratings:’

e “High” reliability sources are those which meet all three of NewsGuard’s most important criteria:
they do not repeatedly publish false information; they gather and present information
responsibly; and then regularly correct or clarify errors. Examples include themonitor.com and
startribune.com.

e “Medium” quality sources are those which do not repeatedly publish false information but fail to
gather and present information responsibly or do not correct errors. Examples include
greenrushdaily.com and foxnewsinsider.com.

o “Low” reliability sources do not repeatedly publish false information, but do not report
information responsibly or correct errors. Examples include pluralist.com and breitbart.com.

e “Unreliable” sources are those which repeatedly publish false information. Examples include
thepuristonline.com and vaccinewars.co.

e “Unrated” sources are those which were not sufficiently prominent to be rated by NewsGuard as
of July 2021. Because NewsGuard prioritizes sites for rating based on traffic, the unrated category
includes a range of low-traffic fringe websites such as dailysquat.com and patriots.win.8

Twitter. We used the Twitter Research APl V2 to download tweets pertaining to a list of anti-vaccination
n-grams, listed in Table 4, which are normalized by the number of total tweets about COVID per day.
COVID keywords were augmented from the list generated by Chen et al. (2020), and the denominator for
total tweets about COVID per day was also generated from their GitHub collection. Although Twitter
started removing harmful information about COVID vaccines in December 2020, our data did not suffer
from the memory hole problem. We were given access to the full archive research API, which captured
the tweet ids from tweets that contained terms such as “plandemic” even when these tweets were
removed from public view. This enabled us to construct time series data on the total number of tweets
containing antivaxx terms. Other researchers who have used the research APl have also reported that
“the Academic API delivers more Tweets in response to a historic search than the costly Premium API”
(Pfeffer, 2023, p. 5). However, we are unable to account for tweets that were manually deleted by their
own authors.

5 These are (1) does not repeatedly publish false content (22 points); (2) gathers and presents information responsibly (18 points);
(3) regularly corrects or clarifies errors (12.5 points); (4) handles the difference between news and opinion responsibly (12.5 points);
and avoids deceptive headlines (10 points). See https://www.newsguardtech.com/ratings/rating-process-criteria/ for details on the
coding of each criteria.

6 Bing News assigns a publication date based on parsed content. If Bing News is unable to determine a publication date based on
parsed content then it uses the crawl date as the publication date.

7 The NewsGuard data with ratings and examples of websites in each category are provided by Microsoft Research.

8 Several of these unrated sites have since been rated.
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Table 4. List of Coronavirus anti-vaccination terms used in the analysis.

'plandemic’, 'antivax', 'anti vaxx', 'vaccine passports resist', 'vaccine passports reject’, 'vaccine passports
refuse', 'vaccine reject’, 'vaccine against', 'vaccine hoax', 'vaccine implant', 'vaccine microchip', 'vaccine
abolition', 'vaccine lie', 'vaccine conspiracy', 'vaccine no', 'vaccine injury', 'vaccine death', 'vaccine
refuse' ,'vaccine complaint', 'vaccine hesitant', 'vaccine hesitancy', 'vaccine resist', 'vaccine infertility’,
'vaccine altering genetics', 'vaccination reject’, 'vaccination against’, 'vaccination hoax','vaccination
implant',  'vaccination  microchip', 'vaccination abolition', 'vaccination lie','vaccination
conspiracy','vaccination no', 'vaccination injury', 'vaccination death', 'vaccination refuse', 'vaccination
complaint’, 'vaccination hesistant', 'vaccination hesitancy', 'vaccination resist','vaccination infertility',
'vaccination altering genetics','vaxx implant', 'vaxx microchip', 'vaxx abolition', 'vaxx lie','vaxx
conspiracy','vaxx no', 'vaxx injury', 'vaxx death’, 'vaxx refuse’, 'vaxx complaint', 'vaxx hesistant', 'vaxx
hesitancy', 'vaxx resist','vaxx infertility', 'vaxx altering genetics'

Note: We selected these keywords based on input from 30 research assistants who have analyzed CrowdTangle data from 70
anti-vaccination Facebook groups and over 5,600 coronavirus-related misinformation narratives from over 80 countries since
March 2020.°

Search. We collected information regarding daily search activity on both Bing and Google for the time
period from May to July 2021. The search engines tap different markets. Google has a market share of
95.47 percent in India and accounted for the majority of the global search engine market, ahead of other
competitors such as Bing, Yandex, and Baidu. Bing is quite popular in the UK (with a 23%—25% market
share) and Taiwan (a 24%—26% market share) and provides the index behind several prominent search
interfaces, including Yahoo.

The Bing search data were generated from Bing’s COVID queries data, which includes queries
Microsoft believes to be related to COVID.° The Bing queries dataset was curated from the Bing search
logs over the period of Jan 1st, 2020 — July 2021. It involves desktop users only. Only searches that were
issued many times by multiple users were included. The dataset includes queries from all over the world
that had an intent related to the Coronavirus or COVID. In some cases, the intent is explicit in the query
itself (e.g., “Coronavirus updates Seattle”), while in other cases, it is implicit (e.g., “Shelter in place”). The
implicit intent of search queries (e.g., “Toilet paper”) was extracted using random walks on the click graph
as outlined in the paper “Random Walks on the Click Graph” by researchers at Microsoft (Craswell &
Szummer, 2007). All personally identifiable data were removed” (Microsoft, 2020).

The Bing data we used for our analysis is publicly available in a lower-resolution form via GitHub;
however, in order to get a better signal, we have used a higher resolution of this same data provided by
the Microsoft Research team, which is not available publicly. We searched for anti-vaccine terms within
the Bing queries and generated a daily level time series that reflects the search for these terms on the
Bing search engine.

The Google Trends data count queries of terms on the Google search engine normalized from 0 to
100, where a higher value means the terms account for a higher proportion of all queries on a given day,
not a higher absolute query count.!! The raw Google Trends data is rounded to integer precision, which
can cause problems as “all-zero time series may be returned for unpopular queries when requested
together with more popular queries” (West, 2020, p. 1). Therefore, Google Trends Anchor Bank (G-TAB)
was used, which ensures that each search query is calibrated by performing an efficient binary search

9 For more information, see here: https://esoc.princeton.edu/publications/esoc-covid-19-misinformation-dataset

10 For further documentation, see here: https:/github.com/microsoft/BingCoronavirusQuerySet

11 A tiny country where 80% of the queries are for ”5g” will get twice the score of a giant country where only 40% of the queries
are for ”5g” (Google). In this paper, worldwide data is used—the data is not filtered by geography.
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within the anchor bank.'? As Twitter is primarily a Western platform, the keywords used were in English,
and NewsGuard is Western-biased as well, we made the restriction of Google queries to focus only on the
United States. This ensured better comparability within the different sources of data in the time series
model.*

Model fitting

After merging all the daily level time series data on the selected anti-vaccine keywords from social media,
search engines, and traditional media, we fit the VAR model and ran Granger causality tests, which assess
whether including a given variable as a predictor adds explanatory power over-and-above predictions
based on all other variables. These methods are commonly used to assess if one variable can help predict
the other. In this case, we interpret predictive capability as evidence of the flow of anti-vaccine
information between social media vs. formal media vs. users’ search behavior on search engines.

ADF tests for stationarity. In order to run a VAR analysis, all variables need to be stationary. Time series
variables are stationary if they do not have a trend or seasonal effects. Summary statistics such as the
mean or variance calculated on the time series are consistent over time when a time series is stationary,
which makes it easier to model. We used Augmented Dickey-Fuller tests for stationarity on each of the
time series variables.

In the test, we found that one of the variables in the time series data is non-stationary. The academic
literature on VAR models suggests that “multivariate VAR models estimated with non-stationary data
raise difficult econometric questions because differencing to achieve stationary can introduce distortions
into multivariate models” (Fanchon & Wendel, 1992). Therefore, we removed the non-stationary variable,
mentions of anti-vaccine keywords in mid-rated media, before carrying out the VAR model analysis. This
ensured the stability of the results as the time series data were all stationary.

Testing for autocorrelation. Using the “autocorrelation” function, we can measure the linear relationship
between an observation at time t and the observations at previous times, which helps assess whether the
data are stationary. Stationary data show a constant long-term mean and have a constant variance, while
a non-stationary process has a variable variance and mean. As seen in Appendix A, Figure Al, the ACF
drops to a statistically insignificant level almost immediately for our data, which is consistent with
stationarity (the ACF of non-stationary data decreases slowly).

Selection of lag. A central issue in VAR analysis is selecting the number of lags. Standard practice is to use
traditional information criteria like the Akaike Information Criterion (AIC), Bayesian Information Criterion
(BIC), or Hannan-Quinn criterion (HQ) to select the appropriate lag length for the VAR model. In this
analysis, we have used the AIC.

Granger causality tests. Granger causality is one of the methods to investigate causality between two
variables in a time series. The basic idea is that if the value of one variable x at an earlier period helps
predict the value of another variable y over and above the prediction made simply with prior values of y,
then x can be said to cause y. The standard Granger causality test checks the statistical significance of the
increase in the ability to predict a given variable by accounting for the other variable.

12 For further documentation on Google Trends Anchor Bank, see https://github.com/epfl-dlab/GoogleTrendsAnchorBank

13 We did not find similar results when we used Google queries at the global level. The Google data is non-stationary at the global
level, and so we took the first difference of this variable before performing VAR analysis. The results of the analysis using Google
data at the global scale are in the Appendix.
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Impulse Response Function (IRF). The IRF can be defined as the reaction of a system in response to an
external change. It allows us to trace the transmission of a single shock within a system of equations, a
feature that makes it useful to evaluate the magnitude of impact. We used the orthogonalized IRF as we
assumed shocks to different variables were uncorrelated; that is, we isolated the impact of a shock to one
variable (see Appendix A, Figure A2).

A limitation of our study method is that keyword-based matching is noisy. We addressed this issue in
an earlier paper published by the HKS Misinformation Review, where we manually reviewed a random
sample of 500 tweets from our full dataset captured using the same Twitter research API (Siwakoti et al.,
2021). For the sample containing COVID terms, the true positive rate was 100% (i.e., all COVID-labeled
tweets were accurately categorized as being about COVID). However, 20% of the data in the sample of
non-COVID tweets were mislabeled as being not about COVID when they, in fact, were (i.e., the false-
negative rate was 20%). While our methodology may underestimate the number of tweets containing a
COVID anti-vaccine term, we have confidence that it captures a significant amount of the relevant
conversation. Other researchers have taken a keywords-based approach to using the Twitter API to study
misinformation while acknowledging that measuring misinformation is difficult due to its diverse and
dynamic nature of content (Green et al., 2021; Tsao et al., 2021). Our method for choosing anti-vaccine
keywords is similar with other academic research in the misinformation space where researchers have
manually chosen keywords using snowball sampling (DeVerna et al., 2021; Muric et al., 2021).

Conclusion and suggestions for future research

Our work highlights the possibility that less reliable media can play an important role in driving attention
to misinformation narratives. In our case, spikes in attention to anti-vaccination keywords in less reliable
media drove interest in those terms on the largest search engine in the United States. We see a similar
relationship between unreliable media and social media—spikes in the occurrence of anti-vaccine terms
in unreliable media helps predict spikes in the occurrence of these terms on social media (Twitter). These
results suggest that policymakers and stakeholders trying to understand how misinformation flows across
platforms should focus on less reliable media sites.

The analysis in this paper does not differentiate efforts to promote anti-vaccine information from
those seeking to counter such information. Future research could focus more on distinguishing these two
kinds of content using text data.

According to Starbid and Willson (2020), “understanding of disinformation requires accounting for the
spread of content across platforms...” (p. 1). As Watts et al. (2021) and Green et al. (2023) discuss at
length, much greater attention is needed to the information ecosystem as a whole to understand the role
of various media sources in driving the current epistemological challenges facing society. Studying the
movement of interest in key topics across elements of the media ecosystem provides one way to advance
such work.
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Appendix A: Augmented Dickey-Fuller tests

ACF plots for residuals with 2/VT bounds

1 1 1 3 1 > & 1
____________________ - [y [ S e [ S p S ——— o e i s
0 P R T 0.*.—-.—.-.0.-#.-.0 - -0-—4*0-—*0‘—-.-'-
———————————————————————————————————————— poem e o ) e i — o
2 . e -1 - e B 1 - ety T-1iry T
1 0 10 1 0 10 1 0 10 1 0 10 1 0 10 1 0 10 1 0 10
o-ﬁ.—_-“o-—q.-l-.—-o-—-'r-—r-‘o-_—J—_-.O _0.__..‘_-0.—t—-n--—
-1 == 1=y o’ S -1y 1 =% ™1 =y o S T
1 0 10 1 0 10 1 0 10 1 0 10 1 0 10 1 0 10 1 0 10

10

10

1 0 10 10 1 0 1 0 10 1 0 10
o = o e -o__..____._o____.___—po__-.-__,_.o__-_'l'__.p.o__-_.___“
____________________________ P e Sy | m——r 2.~ | (0] Wsm——— 1 (] [
7 g 1 - e Sy -1y rasl ey e e  fr Chae | T
1.0 10, 0 10, _0 10, 0 10, _0 10, 0 10, 0 10

10

10

10

10

! 1
_____ e [ PR ) [ e Sl LS U () SOTToR s e ) = SRRy [ St STt e, | R e e

0 B o S 0 iy 0 g 0 g 0 T 0 Ry
-1 - 1 1 - L1 L1 L1 11 v
0 10 0 10 0 10 0 10 o0 10 o 10 o 10

Figure Al. Augmented Dickey-Fuller tests for stationarity on time series data.
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Impulse responses (orthogonalized)
norm_google_antivaxx —norm_media_unreliable

Appendix B: Impulse response analysis
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Appendix C: VAR analysis with global Google Trends data

In this version of the analysis, we perform the same analysis without restricting the Google Trends data
to the United States. While the US-restricted data was stationary, the global Google Trends data was non-
stationary. In the time series dataset, there were two non-stationary variables, i.e., Google trends and
mid-rated media. Therefore, instead of dropping the mid-rated media data as done previously in the
paper, we carried out cointegration tests for the data. If two or more variables are not stationary, then
the standard practice is to check if they are cointegrated. For the analysis, the coint function from the
statsmodel package in Python was used. This package uses the augmented Engle-Granger two-step
cointegration test. If the variables are cointegrated, then running a Vector Error Correction Model (VECM)
is more efficient than opting for the VAR model. If they are not cointegrated, then we can fit a VAR;
however, we need to convert the non-stationary time series into stationary. One way to do so is by taking
the first difference of the non-stationary variable. We did not find cointegration between Google Trends
data and mid-reliability media, our non-stationary variables and so fitting the VAR model over the VECM
model was appropriate in our scenario after taking the first difference of these variables to make them
stationary. The results are different than when using a VAR model with US-specific Google Trends data,
i.e., we find that both mentions of anti-vaccine keywords in both high and low-rated media appear to
influence search activity on Bing. However, as described in the paper, the results of VAR with stationary
data without taking the first difference of variables to make them stationary are more robust.

Table 1. Granger causality test results (media and search engine).

Media Reliability test stat critical value p-value df Direction of Granger Causality
Unrated 1.739 2.052 0.101 (7, 216) Bing Search to Media
Unrated 2.291 2.052 0.029 (7, 216) Media to Bing Search
Unrated 0.9834 2.052 0.444 (7, 126) Google Search to Media
Unrated 1.600 2.052 0.137 (7, 126) Media to Google Search
High 1.511 2.052 0.165 (7, 126) Bing Search to Media
High 2.399 2.052 0.022 (7, 126) Media to Bing Search
High 0.8938 2.052 0.512 (7, 126) Google Search to Media
High 1.059 2.052 0.391 (7, 126) Media to Google Search
Mid 1.374 2.052 0.217 (7, 126) Bing Search to Media
Mid 0.8896 2.052 0.515 (7, 126) Media to Bing Search
Mid 0.9455 2.052 0.472 (7, 126) Google Search to Media
Mid 1.017 2.052 0.420 (7, 126) Media to Google Search
Low 1.586 2.052 0.141 (7, 126) Bing Search to Media
Low 0.9086 2.052 0.501 (7, 126) Media to Bing Search
Low 0.6706 2.052 0.697 (7, 126) Google Search to Media
Low 0.5715 2.052 0.779 (7, 126) Media to Google Search
Unreliable 1.341 2.052 0.232 (7, 126) Bing Search to Media
Unreliable 2.261 2.052 0.031 (7, 126) Media to Bing Search
Unreliable 1.091 2.052 0.370 (7, 126) Google Search to Media
Unreliable 0.5645 2.052 0.784 (7, 126) Media to Google Search
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Table 2. Granger causality test results (media and social media.)

Media Reliability test stat critical value p-value df Direction of Granger Causality

Unrated 0.7972 2.052 0.590 (7, 216) Twitter to Media
Unrated 0.9624 2.052 0.460 (7, 216) Media to Twitter
High 0.3418 2.052 0.934 (7, 216) Twitter to Media
High 0.7045 2.052 0.668 (7, 216) Media to Twitter
Mid 0.4909 2.052 0.841 (7, 216) Twitter to Media
Mid 0.3946 2.052 0.905 (7, 216) Media to Twitter
Low 0.9401 2.052 0.476 (7, 126) Twitter to Media
Low 0.7151 2.052 0.659 (7, 126) Media to Twitter
Unreliable 0.5605 2.052 0.787 (7, 126) Twitter to Media
Unreliable 0.3834 2.052 0911 (7, 126) Media to Twitter

Table 3. Granger causality test results (search engine and social media).

test stat critical value p-value df Direction of Granger Causality
1.497 2.052 0.170 (7,126 Twitter to Bing Search
0.2116 2.052 0.983 (7,126 Bing Search to Twitter

)

)
0.5670 2.052 0.782 (7, 126) Twitter to Google Search
1.058 2.052 0.392 (7, 126) Google Search to Twitter
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