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Objective. To determine whether exchanges of emotional language between health

advocacy organizations and social media users predict the spread of posts about autism

spectrum disorders (ASDs).

Methods. I created a Facebook application that tracked views of ASD advocacy or-

ganizations’ posts between July 19, 2011, and December 18, 2012. I evaluated the

association between exchanges of emotional language and viral views of posts, con-

trolling for additional characteristics of posts, the organizations that produced them, the

social media users who viewed them, and the broader social environment.

Results. Exchanges of emotional language between advocacy organizations and social

media users are strongly associated with viral views of posts.

Conclusions. Social media outreach may be more successful if organizations invite

emotional dialogue instead of simply conveying information about ASDs. Yet exchanges

of angry language may contribute to the viral spread of misinformation, such as the

rumor that vaccines cause ASDs. (Am J Public Health. 2016;106:1173–1180. doi:10.2105/

AJPH.2016.303181)

Autism spectrum disorders (ASDs) affect
1 in 68 children in the United States—

up from 1 in 2500 during the 1960s. More
than $241 billion is spent annually on services
for this rapidly growing population.1,2

Numerous advocacy organizations work to
educate the public about ASDs, raise funds,
and lobby for new policies.3–5 Social media
sites have become a primary forum for public
outreach about ASDs and other public
health issues.6–8 According to recent surveys,
97% of advocacy organizations and 74% of
all Americans use social media.9,10 These sites
are popular because they create the potential
for health advocacy campaigns to “go viral,”
or inspire large groups of social media users
to share advocacy organizations’ messages
across their own social networks. Social media
are particularly instrumental for public dis-
cussion of ASDs because virtual interaction
alleviates the social anxiety of many who are
on the spectrum and enables broader com-
munities affected by this issue to come to-
gether without geographic constraints.11

Yet the rapidly expanding conversation
about ASDs on social media faces fierce
competition for public attention. The typical

social media user views multiple messages
from advocacy organizations, friends, family
members, colleagues, businesses, celebrities,
and other public figures each day. Although
a growing number of studies has examined
whether social media interventions transform
health behaviors in small populations, health
communication scholars are only beginning
to develop theories of why certain social
media posts go viral.6 This lack of research is
noteworthy because social media are funda-
mentally interactive and therefore cannot be
analyzed via conventional media theories that
posit a 1-way channel between advocacy
organizations and their audiences.6,7,12,13

I examined the participatory nature of
social media by asking whether exchanges of
emotion between advocacy organizations
and social media users increase viral views of
posts about ASDs. Numerous studies suggest
that emotional public health campaigns are

more likely to reduce negative health be-
haviors than are those that employ dispas-
sionate, scientific language.14 So-called fear
campaigns, for example, have created sub-
stantial shifts in public knowledge about lung
cancer, HIV, and many other public health
issues by highlighting the grave conse-
quences of negative health behaviors, such as
smoking and unprotected sex.15 Emotional
appeals have a powerful priming effect on
cognitive processes, affect the depth of
mental processing, and enhance information
recall.16

Parallel literature in sociology and social
psychology indicates that the priming effect
of emotions on cognitive processes is even
more powerful when emotions are ex-
changed in social settings.17–19 Emotional
appeals tend to provoke emotional reactions
that amplify the emotional bias of cognitive
processes in turn.20 The potential for such
emotional feedback is rife in social media
sites, which enable the rapid spread of
emotional conversations across large
populations.

I hypothesized that (1) emotional posts
produced by ASD advocacy organizations
would provoke emotional comments from
their fans—or those who elect to receive
regular messages from the organization in
their news feed—and (2) these emotional
comments would attract viral views—or
views of the message by social media users
who are friends or followers of those who
comment but not the organization that
produced the message (Figure A, available as
a supplement to the online version of this
article at http://www.ajph.org).
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METHODS
Studying how exchanges of emotion

shape viral views of public health messages
on social media sites presents several chal-
lenges. First, viral social media messages are
rare. Failure to situate these messages within
the broader population of messages that do
not go viral creates selection on the de-
pendent variable. Second, evaluating the
theory of emotional feedback requires in-
formation about many interactions between
advocacy organizations and social media
users across time. Third, emotional feedback
is only 1 ofmany factors thatmay shape virality
at multiple levels of analysis—including
additional characteristics of social media
messages; the organizations that produce them;
the social media users who view or comment
on them; and broader external factors such
as news coverage of an organization.12

The text of all posts and comments on
Facebook fan pages that advocacy organiza-
tions create for public outreach are publicly
available. Yet Facebook Insights data that
describe the viral reach of each post—and
aggregate characteristics of those who view
posts—cannot be accessed without permis-
sion from the owner of a fan page. Moreover,
these data cannot be used to address many
alternative explanations of virality.

To overcome these obstacles, I created
aweb-based Facebook application called Find
Your People. This application offered ad-
vocacy organizations a free automated analysis
of their social media strategy in return for
sharing nonpublic data about their page and
completing a brief survey. After I obtained
permission from a representative of an ad-
vocacy organization, this application

1. collected the text of all posts and com-
ments from the organization’s fan page,

2. surveyed the individual who installed the
app to evaluate additional characteristics
of the organization,

3. extracted aggregate Insights data,
4. collected additional information about the

organization and aggregate information
about its audience from Google, and

5. generated a report comparing the orga-
nization with its peers and providing
recommendations about how to optimize
its social media outreach.

Because Facebook does not provide a list
of advocacy organizations that host fan
pages, I identified potential participants us-
ing a 3-stage sampling procedure (Figure B,
available as a supplement to the online
version of this article at http://www.
ajph.org). First, I used a database of
government-recognized nonprofit organi-
zations to create a list of all US organizations
dedicated to creating awareness about
ASDs.21 This database excludes organiza-
tions that have not yet registered for this
status or cannot afford to do so. Therefore, I
used Facebook’s search function to identify
all such organizations in the United States
(Table A, available as a supplement to the
online version of this article at http://www.
ajph.org, describes the 132 organizations
identified via these first 2 sampling tech-
niques). Finally, the app-based research
design enabled a third stage of respondent-
driven sampling to identify additional or-
ganizations that were omitted from the first
2 stages of sampling because organizations
were encouraged to recruit their peers.

Measures
Viral views. I used Facebook Insights data

tomeasure the number of unique socialmedia
users who viewed an advocacy organization’s
post who were not among its fans.

Percentage of emotional language in Facebook
posts and comments. Each row in the data set
corresponds to a post produced by an advo-
cacy organization. I used Linguistic Inquiry
Word Count software version 2007
(Pennebaker Conglomerates, Austin, TX) to
measure the emotional valence of each post,
text in images associated with the post, and
corresponding comments from Facebook
users.22 This software identifies the percent-
age of words in a document that are associated
with positive (joy) or negative (fear, anger, or
sadness) emotions. These calculations com-
pare each text to a dictionary of emotional
words created by a combination of expert
coding and studies wherein individual re-
search participants in more than 28 studies
in 3 English-speaking countries were primed
with a particular emotion (e.g., sadness) and
asked to write diary entries about this feeling.
Linguistic Inquiry Word Count has been
used in more than 100 studies in public health
and other fields.23–25

Nevertheless, this type of dictionary-based
approach occasionally fails to recognize that
words can assume multiple meanings in dif-
ferent contexts. I therefore compared the
Linguistic Inquiry Word Count categoriza-
tion of the Facebook posts and comments in
the sample with those produced by another
popular sentiment analysis algorithm.26 The
pairwise correlation between these 2 mea-
sures was 0.73 (P < .001). I used the Linguistic
Inquiry Word Count software to produce
a variable that describes the number of unique
people who made comments about each post
with a percentage of emotional words that
was above the sample mean to evaluate hy-
pothesis 1. I created continuous variables that
describe the percentage of emotional words
in each post and the group of comments it
received—if any—to evaluate hypothesis 2.

Post-level controls. Because audiovisual cues
focus public attention, I created a binary in-
dicator to describe whether posts contained
images or video.27 Emotional comments or
viral views may also be associated with the
novelty of an advocacy organization’s post. I
created a continuous variable to describe the
number of words in each post that were not
previously mentioned by any organizations in
the study sample. This measure excluded
extremely common words (e.g., “and,”
“the”) and URLs. Models used to evaluate
my second hypothesis included a count of the
number of unique people who commented
on each post, because such engagement may
increase viral views regardless of its emotional
valence.

Organizational-level controls. Previous
studies have revealed a very strong correlation
between the size of an advocacy organiza-
tion’s social network and the success of its
public outreach.28 The models therefore in-
cluded a count of the number of people who
were fans of each advocacy organization on
the day it produced a post. The application’s
survey also queried respondents about their
organization’s total number of members or
volunteers, total yearly budget, and age, be-
cause large or well-established organizations
may have more financial and social resources
to promote the viral diffusion of their posts.29

In addition, the application extracted the
number of post views created via Facebook’s
own advertising tools: fee-based services
designed to promote posts. Finally, the
models included a continuous measure of the
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number of posts each organization made
during the previous week.

Audience-level controls. Previous studies
indicate that women are slightly more active
social media users than are men—particularly
in gendered fields such as public health.10,30

Thus, all models included a variable mea-
suring the percentage of post views by
women. I also included a variable measuring
the percentage of post views by those younger
than 35 years because of the negative corre-
lation between age and frequency of social
media use.10 I included additional variables to
assess the number of views of each post from 6
US regions because of previous studies in-
dicating that residents in the eastern United
States are more active social media users than
are those in other regions.31

Broader external environment controls.Broader
external factors, such as news or blog cov-
erage of advocacy organizations, may also
provoke viral views.12 I therefore created
a variable to count the number of times
the name of each advocacy organization
appeared in the Google News and Google
Blogs databases each day. Emotional com-
ments and viral views may result from
the degree of public interest in the subject
of autism in an advocacy organization’s lo-
cale. Therefore, I used Google Trends data
to create a measure of the relative volume
of searches for the term “autism” in the state
of the organization’s headquarters.

Data Analysis
I performed analyses via the following

packages from R software version 3.2.3
(R Foundation for Statistical Computing,
Vienna, Austria): mice, AER, ICC, MASS,
car, lme4, ggplot2, and mediation. I imputed
missing data using chained equations with 15
replications. I used quantile–quantile plots to
inspect the distribution of the dependent
variables used to evaluate hypotheses 1 and 2,
which relate to the number of people who
made emotional comments about each post
and the number of viral views of each post.
Although these plots indicated that a Poisson
distribution was the best fit for these out-
comes, I used negative binomial regression
models because of overdispersion. Negative
binomial regression models account for the
heavy skewof the outcome variable and allow
variation in the dispersion parameter in the

conditional mean rather than the post-level
parameter used by most conditional likeli-
hood fixed-effect models.32

Because of the multilevel structure of the
data, I performed diagnostic tests to assess the
clustering of error at the organizational level.
The intraclass correlation exceeded recom-
mended thresholds, so I used multilevel
negative binomial regression models with
a logit-link function.33 These models in-
cluded a random intercept for each advocacy
organization and fixed effects for all other
variables.34 I performed log transformations
on the variables for an organization’s total
number of Facebook fans and its annual
budget because they were nonnormal and
biased model residuals. I divided all contin-
uous measures by 2 times their SE to produce
standardized coefficients. I have reported
incidence rate ratios that describe the multi-
plicative effect of a 2 SE increase in emotional
language in posts or comments for each
outcome controlling for all controls.

Finally, I usedmediation analysis to further
evaluate hypothesis 2, which suggests that
viral views result from amplified emotional
bias created by exchanges of emotional lan-
guage between organizations and their fans. I
used the technique of Imai et al. for causal
mediation analysis with observational data to
estimate the average causal mediation effects
of emotional language in posts and comments
on viral views, controlling for the other in-
dicators.35 I estimated confidence intervals
(CIs) using nonparametric bootstraps with
bias-corrected and accelerated intervals.

RESULTS
During November 2012, 42 of the 134

organizations in the target sample installed
the application. I deemed 5 additional ASD
advocacy organizations recruited via
respondent-driven sampling eligible for in-
clusion, for a cumulative response rate of
33.81%. Because Facebook enables the col-
lection of both retrospective and prospective
data, the application obtained information
about 8 015 244 views of 7336 posts pro-
duced by these 47 organizations between July
19, 2011, and December 18, 2012. The ap-
plication also collected data on 9680 com-
ments about these posts produced by 3835
social media users during the same period.

Table 1 presents descriptive statistics for
the key indicators. As expected, the distri-
bution of unique emotional commenters and
viral views was highly skewed. There was no
evidence of response bias according to the
social media popularity of organizations
despite the application’s incentive designed
to increase social media engagement
(Figure C, available as a supplement to the
online version of this article at http://www.
ajph.org). The mean percentages of emo-
tional words in each post and in comments to
each post were 5.86 and 3.46, respectively.
The mean length of posts was 28 words
(SD= 46.4).

Positive emotions were expressed far
more commonly than were negative emo-
tions in both posts and comments. The av-
erage post contained 5.25% words associated
with positive emotions and 0.58% words
associated with negative emotions. The
average set of comments about a post con-
tained 3.24% words associated with positive
emotions and 0.21% words associated with
negative emotions. The mean length of
comments was 20.83 words (SD= 32.28),
20.00% of posts contained audiovisuals, and
the average post contained 12.00% novel
words.

Table 1 also presents descriptive statistics
for the control variables. A wide variety of
ASD advocacy organizations participated
in the study. By the end of the study period,
the smallest organization had only 33 fans,
whereas the largest had 17 952. The sample
included organizations with no financial
resources and those with annual budgets
exceeding $35 million. There was no evi-
dence of response bias according to financial
resources even though the application of-
fered a free resource to participating advo-
cacy organizations (Figure D, available as
a supplement to the online version of this
article at http://www.ajph.org). There was
also no evidence of response bias according
to the age of organizations (Figure E,
available as a supplement to the online
version of this article at http://www.ajph.
org).

On average, 70% of post viewers were
female, and 46%were younger than 35 years.
Post viewers from the East Coast were
slightly more common than were those from
other regions. Very few people viewed posts
from outside the United States. News and
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blog coverage of organizations was also very
rare. The relative volume of Google searches
varied considerably in the states where ad-
vocacy organizations were headquartered.

Table 2 presents results from the model
designed to evaluate hypothesis 1. This

model shows that the percentage of emo-
tional words in each post has a modest sig-
nificant association with the number of
unique people who make emotional com-
ments about the post. A 12% increase in
emotional words in a post is associated with

a 9% increase in the number of emotional
commentators. This effect is far smaller than
the association between the outcome and an
organization’s number of Facebook fans or
the use of audiovisuals in posts. The per-
centage of novel words in each post and the
percentage of post viewers who are female
are negatively associated with the number of
people who produce emotional comments
about each post.

Table 3 presents results from the 3 models
used to evaluate hypothesis 2. The first model
reports the results for all types of emotional
language in comments, the second model
reports results for positive emotions, and the
third model reports results for negative
emotions. The first model reveals that the
percentage of emotional words in comments
about a post has a strong, significant associ-
ation with viral views. A 13.3% increase in
emotional words in comments about a post
was associated with a 34.0% increase in viral
views. The second and third models in
Table 3 indicate that this association holds
for both positive and negative emotional
language—although the effect is much
stronger for positive than for negative emo-
tional language. Figure 1 illustrates these
findings by plotting the predicted number
of viral views against the percentage of
positive and negative emotional words in
comments, with all other variables held at
their mean values and without random
intercepts for each organization.

As Table 3 shows, all post-level control
variables had positive and significant asso-
ciations with viral views in each model.
Among organizational-level variables, or-
ganizations’ number of Facebook fans had
a very strong and significant association with
the outcome. The number of posts organi-
zations made during the previous week and
the use of Facebook’s paid post promotion
tools also had small correlations with viral
views in the 95% CIs. Audience-level con-
trols indicate that the percentage of post
viewers who were female and younger than
35 years had a positive association with the
outcome, and the number of views from
those in central US regions had a modest but
significant association with the outcome.
News and blog coverage of organizations
had a small but significant association with
the outcome, but the relative volume
of searches for autism in the state of

TABLE 1—Descriptive Characteristics of Analytical Sample of Facebook Posts, Advocacy
Organizations, Social Media Users, and Broader External Factors That Shape Social Media
Virality: July 19, 2011–December 18, 2012

Characteristic Mean (SD) Min Max

Post-level indicators

Viral views 31.05 (176.42) 0.00 6 749

No. unique people who made emotional comments about post 0.25 (1.05) 0.00 36

Emotional language, %

All 5.86 (6.65) 0.00 100

Positive 5.25 (6.45) 0.00 100

Negative 0.58 (2.09) 0.00 33

Contains audiovisual 0.20 (0.40) 0.00 1

Novel words in post, % 0.12 (0.16) 0.00 100

Emotional language in comments about post, %

All 3.46 (10.02) 0.00 100

Positive 3.24 (9.88) 0.00 100

Negative 0.21 (1.25) 0.00 33

No. people who commented on post 0.78 (2.49) 0.00 55

Organization-level indicators

No. Facebook fans 1 546.73 (2 772.00) 33.00 17 952

No. volunteers or members 454.11 (2 314.60) 0.15 17 136

Total year-end budget, US$ 1 644 508.00 (4 813 029.00) 0.00 35 569 996

Age, y 10.17 (12.97) 1.00 88

No. views from Facebook post advertising 46.98 (2 621.53) 0.00 212 422

No. posts during previous week 0.70 (0.50) 0.08 2

Audience-level indicators

Female post viewers, % 0.70 (0.11) 0.15 1

Post viewers younger than 35 y, % 0.46 (0.19) 0.05 100

No. post viewers by US region

New England 348.78 (1 109.35) 0.00 11 857

Middle Atlantic 1 141.59 (2 460.70) 0.00 33 248

East Central 826.20 (1 474.46) 0.00 12 903

West North Central 130.59 (390.33) 0.00 5 739

South Atlantic 26.64 (132.15) 0.00 3 327

West South Central 564.61 (907.86) 0.00 8 526

No. post viewers outside US 27.39 (33.42) 0.00 130

Broader external indicators

No. news articles about organization 0.01 (0.05) 0.00 2

No. blog mentions about organization 0.13 (0.42) 0.00 7

Google autism search index 35.02 (9.53) 13.00 95

Note. Table shows data of 7366 Facebook posts produced by 47 advocacy organizations.
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organizations’ headquarters was negatively
associated with viral views.

Mediation analysis revealed that emo-
tional comments were largely responsible for
the positive effect of emotional posts on viral
views described in the 3 models presented in
Table 3. The average causal mediation effect
for emotional language in comments was
8.24% more viral views (P < .05), whereas
the average direct effect of emotional lan-
guage in posts was not significantly different
from 0.

DISCUSSION
Theories of health communication typi-

cally describe the flow of messages from the
organizations that produce them to their
audiences. However, my results indicate that
such linear models of health communication
are not appropriate for explaining the viral
spread of advocacy messages about ASDs on
Facebook. Social media sites are funda-
mentally interactive, and the viral spread
of posts requires active participation from
social media users.

Although numerous studies indicate that
fear-based messages attract more attention
than do dispassionate appeals, my results show
that exchanges of emotional language be-
tween advocacy organizations and social
media users—particularly positive emotional
language—further increase the virality of
advocacy messages. Nonetheless, the size of
an ASD organization’s Facebook fan base and
the use of audiovisuals in posts had the
strongest associations with viral views. Future
studies should examine possible interactions
between these factors and emotional feed-
back. For example, exchanges of emotions
may become more strongly associated with
viral views as the size of social networks in-
creases, and visual cues may encourage more
emotional responses than do messages that
include only text.

My results have significant implications for
future research. First, they suggest that social
media campaigns must not simply commu-
nicate information or use fear-based tactics to
call attention to their claims. Instead, health
advocacy organizations may be most suc-
cessful if they invite positive emotional re-
actions from social media users. Public health
organizations cannot control whether people
react to their posts with positive emotional
language, but they can take steps to increase
the likelihoodof positive emotional feedback.
Many of the ASD advocacy organizations I
analyzed used dispassionate language de-
scribing recent advances in complex fields
(e.g., epigenetics, neuroscience, virology) or
technical details about legal battles for fi-
nancial resources to support individuals on the
spectrum. These types of Facebook posts
largely received little or no engagement—
perhaps because they encouraged responses
only from those with significant knowledge
of science or the law.

Instead, ASD advocacy organizations
might connect such developments to the
emotions they generate among individuals on
the spectrum, their families, or the institutions
that support them. Public health organiza-
tions might also design campaigns that invite
positive emotional exchanges. For example,
the widely successful Ice Bucket Challenge
raised more than $120 million to support
research on amyotrophic lateral sclerosis by
challenging people to douse themselves with
freezing water in exchange for monetary
donations from Facebook friends.

TABLE 2—Results of Multilevel Negative Binomial RegressionModels Predicting Number of
Unique Emotional Comments: July 19, 2011–December 18, 2012

Variable IRR (95% CI)

Post-level indicators

Emotional language in post, % 1.09 (1.02, 1.17)

Contains audiovisuala 2.59 (2.34, 2.89)

Novel words in post, % 0.87 (0.76, 0.99)

Organization-level indicators

No. Facebook fans, log 10.91 (7.54, 15.64)

No. volunteers or members 0.77 (0.46, 1.28)

Total year-end budget, US$, log 3.22 (0.5, 20.91)

Age, y 0.58 (0.24, 1.39)

No. views from Facebook post advertising 1.03 (1.01, 1.05)

No. posts during previous week 1.00 (0.88, 1.13)

Audience-level indicators

Female post viewers, % 0.76 (0.66, 0.86)

Post viewers younger than 35 y, % 1.03 (0.89, 1.19)

No. post viewers by US region

New England 1.01 (0.91, 1.12)

Middle Atlantic 0.96 (0.86, 1.07)

East Central 1.05 (0.89, 1.26)

West North Central 1.14 (0.99, 1.31)

South Atlantic 0.86 (0.72, 1.04)

West South Central 0.96 (0.85, 1.08)

Broader external indicators

No. news articles about organization 1.04 (0.95, 1.14)

No. blog mentions about organization 0.93 (0.85, 1.01)

Google autism search index 0.97 (0.85, 1.11)

Organization-level variance 0.72

Intraclass correlation 0.18

AIC 8072.26

Note. AIC =Akaike information criterion; CI= confidence interval; IRR = incidence rate ratio. The results
predicted the number of unique social media users who made emotional comments about Facebook
posts produced by autism advocacy organizations. Data are from 7366 Facebook posts produced by 47
advocacy organizations.
a1 = yes; 0 = no.
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Second, my results showed that exchanges
of negative emotional language between
advocacy organizations and social media
users—although less common—are also

associated with viral views. This finding
may help explain how public myths about
health conditions such as ASDs persist despite
impassioned attempts to discredit them.

Emotional or angry denunciations of mis-
information—such as the rumor that ASDs
result from thimerosal in vaccines—may
have unintended consequences. Instead of

TABLE 3—Results of Multilevel Negative Binomial Regression Models Predicting Viral Views of Facebook Posts Produced by Autism
Advocacy Organizations: July 19, 2011–December 18, 2012

Variable All Emotions, IRR (95% CI) Positive Emotions, IRR (95% CI) Negative Emotions, IRR (95% CI)

Post-level Indicators

All emotional language, %

In post 1.04 (1.04, 1.05)

In comments about post 1.34 (1.32, 1.34)

Positive emotional language, %

In post 1.03 (1.02, 1.04)

In comments about post 1.32 (1.31, 1.32)

Negative emotional language, %

In post 1.12 (1.11, 1.13)

In comments about post 1.06 (1.06, 1.07)

No. people who commented about post 1.38 (1.38, 1.39) 1.38 (1.38, 1.39) 1.36 (1.36, 1.38)

Contains audiovisuala 2.61 (2.59, 2.64) 2.61 (2.59, 2.64) 2.80 (2.77, 2.83)

Novel words in post, % 1.03 (1.02, 1.04) 1.03 (1.02, 1.04) 1.01 (0.99, 1.02)

Organization-level indicators

No. Facebook fans, log 8.50 (8.17, 8.94) 8.67 (8.33, 9.03) 9.78 (9.39, 10.18)

No. volunteers or members 0.48 (0.30, 0.76) 0.48 (0.30, 0.76) 0.44 (0.27, 0.71)

Total year-end budget, US$, log 3.67 (0.70, 19.11) 3.67 (0.76, 17.81) 3.74 (0.77, 18.36)

Age, y 0.64 (0.30, 1.40) 0.64 (0.31, 1.36) 0.64 (0.30, 1.36)

No. views from Facebook post advertising 1.05 (1.05, 1.05) 1.05 (1.05, 1.05) 1.05 (1.05, 1.05)

No. posts during previous week 1.16 (1.15, 1.17) 1.16 (1.15, 1.17) 1.16 (1.15, 1.17)

Audience-level indicators

Female post viewers, % 1.28 (1.27, 1.31) 1.28 (1.27, 1.31) 1.28 (1.26, 1.30)

Post viewers younger than 35 y, % 1.20 (1.17, 1.21) 1.19 (1.17, 1.21) 1.16 (1.15, 1.19)

No. post viewers by US region, %

New England 0.91 (0.90, 0.92) 0.91 (0.90, 0.92) 0.93 (0.92, 0.94)

Middle Atlantic 0.85 (0.84, 0.86) 0.85 (0.84, 0.86) 0.85 (0.84, 0.86)

East Central 1.12 (1.09, 1.13) 1.12 (1.09, 1.13) 1.12 (1.09, 1.14)

West North Central 1.54 (1.52, 1.55) 1.54 (1.52, 1.55) 1.60 (1.58, 1.62)

South Atlantic 0.93 (0.92, 0.95) 0.94 (0.92, 0.95) 0.94 (0.92, 0.95)

West South Central 1.26 (1.25, 1.27) 1.26 (1.25, 1.27) 1.23 (1.22, 1.25)

Broader external indicators

No. news articles about organization 1.07 (1.07 1.08) 1.07 (1.07 1.08) 1.07 (1.06, 1.07)

No. blog mentions about organization 1.13 (1.12 1.14) 1.13 (1.12 1.14) 1.13 (1.12, 1.14)

Google autism search index 0.67 (0.66 0.68) 0.67 (0.66 0.68) 0.69 (0.68, 0.70)

Organization-level variance 0.68 0.68 0.73

Intraclass correlation 0.17 0.17 0.18

AIC 500162.77 500582.30 508753.00

Note. AIC =Akaike information criterion; CI= confidence interval; IRR = incidence rate ratio. Table shows data of 7366 Facebook posts produced by 47 advocacy
organizations.
a1 = yes; 0 = no.
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discrediting false narratives, emotional con-
demnations by social media users or public
health advocacy organizations may in-
advertently call further attention to sensa-
tional claims. The relative anonymity created
by social media may contribute to the viral
escalation of emotional feuds between social
media users who are otherwise separated by
sizable geographic and social chasms. Health
organizations should therefore confront
emotional posts containing misinformation
about health issues with plain facts that do not
goad the fear or anxiety of those who may be
genuinely upset about the inability of the
medical professionals to help them or of
bystanders who may sympathize with these
feelings.

Limitations
This study has important limitations. The

observational and cross-sectional research
design prevented analysis of the causal re-
lationship between exchanges of emotional

language and viral views. In addition, I did not
directly observe emotional bias in cognitive
processing. Instead, I assumed social media
users who produce or view exchanges of
emotional language on social media sites
experience a visceral response that focuses
their attention on emotional social media
messages or comments instead of others.
Emotional feedback may have a less powerful
effect in online settings because users cannot
read nonverbal cues, such as facial expressions
and tone, that might contribute to such
feelings. However, the very structure of
Facebook may generate positive bias because
users are encouraged to like one another’s
posts.

Positive bias may also exist in social media
discourse because users are reluctant to share
negative or embarrassing information about
themselves in public settings. This may not be
true of closed Facebook groups, in which
people can view each other’s posts only if they
are members—but I did not include these
types of pages. Exchanges of emotions in posts

or comments about ASDs may also have
a strong association with viral views because
the issue often generates strong emotions.
Finally, it is unclear whether viral views have
downstream consequences. Many who are
exposed to viral social media posts about
public health issues may not approve of them,
become more knowledgeable, or transform
relevant health behaviors.

Conclusions
Social media sites have become a critical

tool for public health outreach because they
enable the rapid spread of information across
the hundreds of millions who frequent such
forums daily. Yet, the interactive nature of
these sites means that public reaction to social
media posts may be at least as important as the
content of posts themselves. Using innovative
computational techniques that tracked more
than 8 million views of 7336 Facebook
messages aboutASDs over 1.5 years, this study
provides the first analysis, to my knowledge,
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FIGURE 1—Predicted Virality of Social Media Posts by Autism Advocacy Organizations: July 19, 2011–December 18, 2012
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of how exchanges of emotional language
between advocacy organizations and social
media users shape the viral diffusion of social
media posts.

Future studies should examine whether
similar processes can be observed in other
health advocacy fields or on different social
media sites (e.g., Twitter) and, perhaps most
importantly, whether the viral diffusion of
social media posts has significant long-term
consequences for improving public un-
derstanding of health or positive health
behaviors.
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