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Abstract

Background: Social mediahas become amajor resource for observing and understanding public opinions using infodemiology
and infoveillance methods, especially during emergencies such as disease outbreaks. For public health agencies, understanding
the driving forces of web-based discussions will help deliver more effective and efficient information to general users on social
media and the web.

Objective: The study aimed to identify the major contributors that drove overall Zika-related tweeting dynamics during the
2016 epidemic. In total, 3 hypothetical drivers were proposed: (1) the underlying Zika epidemic quantified as a time series of
case counts; (2) sporadic but critical real-world events such as the 2016 Rio Olympics and World Health Organization’s Public
Health Emergency of International Concern (PHEIC) announcement, and (3) afew influential users tweeting activities.

Methods: All tweets and retweets (RTS) containing the keyword Zika posted in 2016 were collected via the Gnip application
programming interface (API). We developed an analytical pipeline, EventPeriscope, to identify co-occurring trending eventswith
Zika and quantify the strength of these events. We aso retrieved Zika case data and identified the top influencers of the Zika
discussion on Twitter. Theinfluence of 3 potential driverswas examined viaamultivariate time seriesanalysis, signal processing,
acontent analysis, and text mining techniques.

Results: Zikarelated tweeting dynamics were not significantly correlated with the underlying Zika epidemic in the United
States in any of the four quarters in 2016 nor in the entire year. Instead, peaks of Zika-related tweeting activity were strongly
associated with a few critical real-world events, both planned, such as the Rio Olympics, and unplanned, such as the PHEIC
announcement. The Rio Olympicswas mentioned in >15% of all Zika-related tweets and PHEIC occurred in 27% of Zika-related
tweets around their respective peaks. In addition, the overall tweeting dynamics of the top 100 most actively tweeting users on
the Zika topic, the top 100 users receiving most RTs, and the top 100 users mentioned were the most highly correlated to and
preceded the overall tweeting dynamics, making these groups of users the potentia drivers of tweeting dynamics. The top 100
users who retweeted the most were not critical in driving the overall tweeting dynamics. There were very few overlaps among
these different groups of potentially influential users.

Conclusions: Using our proposed analytical workflow, EventPeriscope, we identified that Zika discussion dynamics on Twitter
were decoupled from the actual disease epidemic in the United States but were closely related to and highly influenced by certain
sporadic real-world events as well as by a few influential users. This study provided a methodology framework and insights to
better understand the driving forces of web-based public discourse during health emergencies. Therefore, health agencies could
deliver more effective and efficient web-based communications in emerging crises.
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Introduction

Background

Social media platforms, such as Twitter and Facebook, are
attracting agrowing number of peoplewith diverse demographic
characteristics to share and obtain information on the web. As
aresult, these platforms have become one of the main targets
for practitioners and decision makers across various fields to
understand public opinion and, at the same time, disseminate
information to the public [1-17]. Many public health agencies
and organizations, such asthe US Centers for Disease Control
and Prevention (CDC), are active on Twitter and other social
media platforms as the main channels of communication with
the general public, especially during health emergencies such
as the 2014 Ebola and 2016 Zika outbreaks. The CDC has 67
officially associated Twitter accounts that cover awide variety
of health- and disease-rel ated topics. In 2016, when Zika caused
5168 confirmed noncongenital casesin 50 statesand the District
of Columbia in the United States, and a much higher case
number across USterritories[6], former CDC director Dr Tom
Frieden was active on Twitter and hosted live Twitter chatswith
the general public [18], including a 1-hour live chat session
with the public regarding Zikain February 2016.

Nevertheless, there are multiple challenges in utilizing social
media platforms as an effective channel of communication. A
considerable percentage of users are unfamiliar with the
emerging health issue. At the same time, user-posted content
does not go through any rigorous fact-checking process, making
room for misinformation to take advantage of such a situation.
During the 2016 Zika epidemic, despite the CDC’s prominent
web presence and efforts, inaccurateinformation regarding Zika
proliferated on social mediaand outperformed CDC (and other
legitimate sources such as the World Health Organization
[WHQ]) by alarge margin[7]. Uncertainty about the root cause
and transmission route of this virus gave room for the
proliferation of rumors and misinformation [19,20].

In addition to the problem of misinformation propagation, the
rhetorical aspect of a message, or in other words, crafting it
based on the needs and perception of audiences is a critical
challenge [21,22]. Studies have shown a substantial topic
discrepancy between public concern and the CDC's response
to Zika on Twitter [8,9,20,23]. More specifically, the genera
public was more concerned about the transmission routes of
Zika and effective prevention methods, whereas the CDC
focused on symptoms to educate the public [24,25]. Glowacki
et al [25] argued that this could be seen as failure of the CDC
to identify what kind of information the public was looking for
and respond accordingly or it could be an on-purpose attempt
by the CDC to redirect public attention to what the CDC
believed to be more important during the epidemic.

https://publichealth.jmir.org/2020/3/€17175

In addition, one important yet overlooked issue in utilizing
social media platforms as a communication mechanism with
the public isthe low rate of user engagement (measured by the
number of retweets [RTs] and replies), where social mediais
an interactive platform for public engagement and interaction
[26], in addition to one-directional news outlets [10,27,28]. To
better engage the public, it is essential to recognize critical
factors that are directing and driving the general discussion
dynamics on social media. Such factors can be discovered by
observing and analyzing the public's tweeting behaviors on
social media [29,30]. Learning about these factors can help
health agencies to accurately predict shifts in the public’s
concern about the health issue and provide the public with useful
information accordingly. As aresult, systematically collecting
and analyzing datarelated to public discourse of emerging health
issues on social media, also referred to as digital public health
surveillance, infodemiology, or infoveillance [31], is essential
for understanding public concerns and disseminating useful
information correspondingly.

Objectives

In this study, we aimed to identify important factors that could
potentially drive tweeting dynamicsin the 2016 Zikaepidemic.
We collected and comprehensively analyzed all Zika-related
English tweets posted during 2016. We further proposed and
evaluated the following 3 testable hypotheses (H):

1. H1: The observed overall tweeting dynamics of Zika was
associated with and influenced by the underlying Zika
epidemic, defined as the number of case counts per day,
especialy in the United States.

2. H2: The tweeting dynamics of Zika was associated with
and influenced by a few real-world critical events, other
than the continuous Zika epidemic.

3. H3: The tweeting dynamics of Zika were driven by a few
highly influential users (colloquialy referred to as
influentials hereafter), which led to the public discourse of
Zikaon Twitter.

Methods

Data Acquisition

We requested and retrieved morethan 6 million English tweets,
including the keyword Zika from January 1 to December 31,
2016, via the Gnip application programming interface (API)
through the Data Science Initiative (DSI), University of North
Carolina Charlotte. All associated metadata with these tweets,
such as RT counts, posted time, and the verification status of
tweeting/retweeting ID, were also included in the data set. This
data set represented the complete public discourse about Zika
in English and was therefore not as prone to potential selection
bias as the common 10% sample provided by the common
Twitter API. Therefore, the data set in this study was able to
provide an unbiased and comprehensive depiction of thepublic’s
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discourse of Zika, the most discussed health topic in 2016 on a
major social media platform.

In addition to web-based Twitter data, the complete time series
of confirmed noncongenital Zika case counts in 2016 in the
United States were obtained from the CDC's database [32].
Both domestic cases (cases in 50 states and District of
Columbia) and all cases combined (cases in 50 states, District
of Columbia, and overseasterritories such asPuerto Rico, Virgin
Island, Guam) were acquired.

Association Between the United States Zika Epidemic
and Tweeting Dynamics

Zikacase countsin 2016 were retrieved from the CDC [32] and
then downscal ed into standardized daily counts using the cubic
spline interpolation method [27]. The time series of the
downscaled daily case counts was then compared with daily
Zika-related tweet counts. As both time series (cases and tweets)
had the same daily resolution and the same length of 366 days,
a cross-correlation function (CCF) was applied to quantify
potential association and timelags between the two time series.
CCF measured the temporal similarity between the two time
series, as shown in equation (1). The significance level was set
at 0.2 by default in the analytical package in this study. In
general, larger absolute values of cross-correlation at time lag
L indicate a stronger association between the two time series.
Both domestic US Zika cases and all US Zika cases were
compared with Zika-related tweet counts in each of the four
quarters of 2016 as well as during the entire 2016 period:

CCF(k) = YiZX'[t]Y[t + k], (1)

In addition, mutual information (MI) between Zika case counts
and Zika-related tweets in each of the four quarters as well as
in 2016 was quantified to further evaluate the mutual
dependence of the two time series. MI was calculated as the
expected value of the pointwise MI (PMI) of the two time series.
PMI measured the level of dependency between 2 observations
[33]. PMI between X and Y was cal culated using equation (2):

Figure 1. EventPeriscope andytical pipeline.
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plxy)

PMI(x, y) = log (p(x}xp[y}) (2)

where p (.) isthe probability function. The 2 observations that
had a high PM1 value were strongly associated with each other.
In other words, they frequently co-occurred. The average
dependency or M| between the 2 random variables X and Y was
then calculated using equation (3):

MICX, Y) = 2, P log (EEZ-), (3)

CCF provided an overview of the association between real-world
Zika case counts and tweeting activities regarding Zika over a
period. A CCF above 0.05 indicated a strong association
between the two time series. MI further quantified this
association with avalue. These two approaches complemented
each other.

Association Between Critical Events and Tweeting
Dynamics

Health emergencies, such as the Zika epidemic, would never
occur inisolation and almost always be intermingled with other
health, social, societal, and political events in the real world.
We suggest that related and sometimes unrelated real-world
events could be potential driving forces of Zika discussionson
social media. Unlike the time series of daily Zika case counts,
these real-world events were much more discrete and sporadic.
Here, we evaluated the second hypothesis (H2) such that
Zika-related tweeting activities were substantially influenced
by sporadic real-world events. We adopted the definition of an
event provided by Hasan et al [18] stating, “An event, in the
context of social media, is an occurrence of interest in the real
world which instigates a discussion on the event-associated
topic by various social media users, either soon after the
occurrence or, sometimes, in anticipation of it.” We devel oped
an analytical pipeline, EventPeriscope, to explore and quantify
the impact of real-world events on the tweeting dynamics of a
specific topic (eg, Zikain this study) and to evaluate H2. Figure
1 demonstrates the 4 main components of the EventPeriscope
pipeline: signal constructor, peak detector, content analyzer,
and visualizer.

Signal constructor Peak detector Content analyzer Visualizer
Key Regular
Time Wavelet Wavelet Keyword ; Tweet
" ; Smoother | > phrase expression | — Plotter
selector
discretizer constructor | |transformer extender axtractor | |constructor

| — —— | J

The signal constructor module modeled the number of daily
tweets about Zika as a signal to characterize its temporal
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changes. If a particular real-world event had a significant
influence on Twitter discussions, wewould expect to see apeak
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in the time of the event or close to it. Therefore, a sudden rise
in the signal indicated the high engagement of Twitter users,
which might be linked to a potential real-world event. To
identify these peaks, the peak detector module applied the
wavel et transform to detect peaksin the constructed signal from
the signal constructor module. Nevertheless, apeak at or around
the time of a real-world event was only a necessary but not
sufficient condition to conclude that the event was the main
driver of therise in the number of tweets. Overlap of the event
and peak of Zikarelated tweeting might be coincidental. It
would becritical to demonstrate that Zika-rel ated tweets around
the event were actually regarding that event. To confirm this
relevance, the content analyzer module then analyzed textual
contents of the tweets around the real-world event to extract all
key phrases that were relevant to the event. Then, the content
analyzer created regular expression (regex) rules to
automatically capture all variations and combinations of these
key phrases. Finally, the visualizer module compared all tweets
inthe data set against the constructed event-specific regex rules
and constructed a new time series from the matched tweets as
the signal of a specific event related to Zika. It helped to
understand how discussions spanned around the event in awider
time window. To illustrate how al 4 modules worked
synergistically in EventPeriscope, we provided case studies of
critical real-world events and their impact on Zika-related
tweeting dynamics.

Case Studies of Critical Events

Real-world events could be categorized into 2 dichotomized
and mutually exclusive types [34]: (1) planned (ad hoc) events
that peopl e expected in advance, such asthe 2016 Rio Olympics;
(2) unplanned (posthoc) events that people would not know
beforehand, contrary to planned events. An example of
unplanned events was the WHO’s Public Health Emergency of
International Concern (PHEIC) announcement about Zika on
February 1, 2016. In the next section, we have discussed
methodol ogical differencesin exploring planned (Rio Olympics
2016) and unplanned (WHO-PHEIC) eventsin detail. Planned
events might increase their presence in tweeting around the
event, but it could be mentioned throughout the entire year
because people were well aware of it beforehand. Unplanned
events, however, would not be mentioned in tweets until their
occurrence in the real world. In the next section, we examine
the impact of these 2 types of real-world events on Twitter
discussion dynamics.

Unplanned Event: World Health Organization’s Public
Health Emergency International Concern Announcement

On February 1, 2016, the director-general of WHO, Margaret
Chan, declared a PHEIC of a potential Zika pandemic [35]. In
this statement, in addition to raising concerns over the linkage
of Zika with microcephaly and other neurological disorders,
the WHO provided travel advicein Zika-impacted regions. The
WHO-PHEIC announcement was an unplanned event, and the
genera public did not have any previous knowledge of its
occurrence. Therefore, it should only influence tweets posted
after the PHEIC announcement. We used EventPeriscope to
quantify theinfluence of the WHO-PHEIC event on Zika-related
tweeting as follows.

https://publichealth.jmir.org/2020/3/€17175
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First, a signal was constructed from all posted Zika-related
tweets, which is hereafter referred to as the main tweet signal.
The main tweet signal peak in the entire 2016 period occurred
almost immediately after the WHO-PHEIC event on day 32
(February 1, 2016), indicating a potential and strong correlation
between the event and Zika-related tweeting. Textual contents
of tweets were then analyzed to verify the association between
Zika-related tweets and the WHO-PHEIC announcement. The
set of tweets posted in a 2-day interval, the day of the
WHO-PHEIC announcement (February 1) and 1 day after
(February 2), were used as the input of the content analyzer
(CA) module to construct a regex rule describing the
WHO-PHEIC event. In addition, this module was given a set
of 2 additional keywords, WHO and PHEIC, relevant to the
WHO-PHEIC announcement event. To find other relevant
keywords, the keyword extractor in the CA module used PMI,
which was discussed in the previous section, and calculated
PMI values between each of these 2 keywords and all the
keywords extracted from the input signal. The new keywords
were then sorted in descending order based on PMI values, and
those with the highest PMI values were selected. In this study,
we selected the top 6 keywords from the list.

Using this approach, the additional set of keywords included
emergency, public, international, global, world, and health. A
single word within a tweet was usually not adequate to reveal
the topic of the content. Therefore, to consider the context of a
tweet and obtain amore accurate result, the key phrase extractor
uses these keywords to synthesize key phrases describing the
event. We defined a key phrase as a noun phrase that contained
at least one of the keywords. The key phrases relevant to
WHO-PHEIC were public health emergency, global emergency,
international emergency, and world health. Onthe basis of these
key phrases, aregex rulewas crafted. Using asimilar approach,
another regex rule was generated to capture Zika-rel ated tweets
relevant to WHO, regardiess of whether it was related to
WHO-PHEIC. Finaly, the visualizer module compares all
tweetsin theinput data set with these regex rules and generated
2 output signals: onefor WHO-PHEIC and the other for WHO.

Planned Event: RI02016

The Rio 2016 Olympic Games were held from August 5to 21,
2016, in Rio de Janeiro, Brazil, amid global concerns about the
Zikaoutbreak. In November 2015, Brazilian authorities declared
anational public health emergency dueto ahigh Zikaincidence
[26]. As RIO2016 was a planned event, we expected to see
tweeting about Zika and RI02016 before its opening. The CA
module of the EventPeriscope pipeline was initialized with
tweets posted from August 4 to 6 (days 217 to 219) within plus
or minus a 1-day window of the RIO2016 opening. Then, a
regex rule was generated to detect the co-occurrence of the Zika
and Rio Olympics topics in Twitter discussions. The final
keywords and key phrases were Rio, Olympics, Rio2016, 2016
Olympics, and Rio Olympics.

Association Between Web-Based
Zika-Related Tweeting Dynamics

Influentials and

In this part of the study (H3), we hypothesized that a few
influentials on Twitter made a substantial contributionin driving
the tweeting dynamics, that is, a noticeable sudden rise in the
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number of tweets. To evaluate this hypothesis, we defined 4
different types of web-based influentialsin 2 major categories:
activeinfluential swho posted alarge number of original tweets
about Zika (top tweeter [TT]) and who retweeted a lot about
Zika from other accounts’ posts (top retweeter [TR]). These
users actively disseminated Zikarelated information to the
public. In addition, influentials on social mediacould be passive
aswell: whose original postswere retweeted alot (top received
retweets[ TRRT]) and who received many mentions (@ _userID)
from other Twitter users (top mentioned [TM]). These passive
influentials, on the other hand, were more reflective of public
perception and engagement of Zika discussions on Twitter. We
ranked and selected the top 100 users in each of these 4
influential groups: TT, TR, TRRT, and TM. The tweeting
dynamics of each user in the TT, TRRT, and TM groups and
the retweeting dynamics of each influential in the TR group
were extracted as their respective time series signals. These
tweeting/retweeting signal swere then aggregated and compared
with the overall tweeting dynamicsusing a CCF in each quarter
of 2016 as well as the entire year. This step tested the
group-level association between types of influential and overall
Zikarrelated tweeting dynamics. In addition, we derived the
time lag between each influential’s tweeting (or retweeting)
dynamics and the main tweet signal to test if these tweeting
activities of influentials preceded the overall tweeting dynamics.
This step was critical to further reveal if these influentias
actually initiated an increasing number of Zika-related tweets,
or the other way around, that is, these influentials were actually
following and catching up with the general trend on Twitter.
We aso examined the overlap between the 4 groups of
influentials by calculating the intersection of any 2 sets of
influentials. Thiswould reveal if certain influential group(s) on
Twitter would also be influential in other ways. In particular,
we wanted to identify influentials who were both actively
disseminating information to the public (ie, in TT or TR groups)
and passively receiving attention from the general public on
social media(ie, in TRRT or TM groups).

The work was carried out in Python 3.7 (Python Software
Foundation) for data retrieving and EventPeriscope pipeline
construction. In addition, R 3.3.1 was used for the statistical
analyses. All codes associated with this study were freely
available upon request.

https://publichealth.jmir.org/2020/3/€17175
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Results

Descriptive Results of the Zika-Related Tweeting
Dynamics

A total of more than 6 million English tweets with the keyword
Zika posted during 2016 were retrieved, of which approximately
4 million were origina posts, and the remaining were RTs.
More than 70% of the original posts received no RT at al, and
only 2% of tweets received at least five RTs. The Gini
coefficients of the number of RTs were 0.74 and 0.98 for all
original tweets and origina tweets that received RTS,
respectively. This indicated a very high heterogeneity in the
potential influence of individual tweets on social media.

Association Between the Zika Epidemic and Tweeting
Dynamics

No significant cross-correlation between domestic Zika cases
inthe United States and overall discussion dynamicson Twitter
was observed in any of the four quarters in 2016 (Figure 2).
Although in the first quarter, the CCF was substantially above
the threshold, it was distributed almost normally around O,
indicating a lack of time lag between the domestic Zika case
and Twitter discussion dynamics. Similarly, no substantial
cross-correlation between all Zika cases in the United States
(including overseasterritories) and Twitter discussion dynamics
was prominent in any quarter in 2016 (Figure 3). For all Zika
cases, including overseasterritories, the highest cross-correlation
occurred in the fourth quarter, which was different from the
domestic case with the highest correlation in the first quarter.
Theseresultsdemonstrated that Zika-rel ated tweeting dynamics
were decoupled from the actual disease epidemic in the United
States, indicating that the underlying Zika epidemic did not
substantially influence the Zika discussion on Twitter. In fact,
the highest peak of Zikarelated tweeting occurred around
February 1, 2016, where the case countswerelow in the United
States, both domestically and overseas. Therefore, such
prominent peaks in Zika-related tweeting dynamics should be
explained by other driving forces than the actua Zika case
counts. M| between the two time series, as shown in Table 1,
was lower in 2016 but substantially higher in each quarter. The
highest MI occurred in the second quarter when the number of
new Zika cases was the highest in 2016. However, most
Zikarrelated tweets were tweeted in the first quarter of 2016.
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Figure2. Cross-correlation function between Zika case countsin the domestic United States and tweet countsin 2016. CCF: cross-correlation function.
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Table 1. Mutual information between Zika case counts and tweet counts in the United Statesin 2016.

Case countsin the United States Quarter 1 Quarter 2 Quarter 3 Quarter 4 2016
Domestic 2.15 3.40 2.99 251 1.89
Domestic and overseas territories 2.93 3.23 245 2.64 1.83

Association Between Sporadic Critical Eventsand
Zika-Related Tweeting Dynamics

The peaks of Zika-related tweets were not synchronized with
peaks of Zika counts, as discussed in the previous section. In
fact, alarge number of Zikar-related tweets were associated with
a few sporadic real-world events. The association between
Zikarelated tweets and the unplanned real-world event
WHO-PHEIC announcement is shown in Figure 4. WHO and
WHO-PHEIC tweets were subsets of all Zika-related tweets.
The upper panel of Figure 4 is the absolute number of tweet
counts. The blue signal shows all Zika-related tweets in 2016.
Thegreen and orange signal s represent WHO and WHO-PHEIC
signals, respectively. The lower panel of Figure 4 shows the
percentage of WHO and WHO-PHEIC tweets relative to all
Zikarrelated tweets. If a tweet had both keywords/key phrases
of WHO and PHEIC, then the same tweet would be included
in both categories. PHEIC- and WHO-rel ated tweetshad ahigh
overlap (>50%), indicating the substantial impact of the
WHO-PHEIC announcement on public discourse on socia
media.

The keyword WHO had a strong presence in Zika-related
tweeting throughout the first two quarters of 2016. There was
a sudden rise in the number of tweets between days 31 and 32

of 2016 (Figure 4); the number of Zika-related tweetsincreased
drastically from 1481 on day 31 (January 31) to 21,171 on day
32 (February 1), when the WHO announced the Zika epidemic
asPHEIC. On February 1, 2016, 35% of all Zika-related tweets
were relevant to WHO and 27% were about the announcement
of PHEIC. This announcement also caused cascading public
announcementsin countries such as Brazil, Honduras, and the
United States. The highest number of tweets (92,000) posted
on asingle day regarding Zika was observed on day 34, just 2
days after the WHO-PHEIC announcement. Therefore, the
unplanned WHO-PHEIC announcement was the driving force
of the largest peak of Zika-related tweeting dynamicsin 2016.
It is worth noting that the discussion about the PHEIC started
on January 28, when the director-general of WHO announced
that she convened the Internationa Heath Regulations
emergency committee and would have a meeting on February
1 [35]. In addition to this peak, the WHO-PHEIC signa had
another prominent peak around day 323 (November 18, 2016;
Figure4). On November 18, 2016, about 32% of the Zika-rel ated
tweets were related to WHO-PHEIC because WHO declared
that the Zika epidemic was no longer a PHEIC on that specific
day. Therefore, our EventPerisope analytical pipeline was
effectivein identifying and eval uating the impact of real-world
events on tweeting dynamics.

Figure4. Signas of the main Zika-related tweets, WHO tweets, and WHO-PHEIC tweets. WHO: World Health Organization; PHEIC: Public Health

Emergency of International Concerns.
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green signals showed all Zikarelated tweets and RIO2016
Olympics tweets in 2016, respectively. The lower panel shows
the percentage of RIO2016-related tweets relative to all
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Zikarrelated tweets. In general, discussions about Zika and the
R102016 Olympics started from the beginning of 2016 all the
way through a few days after the Olympics ended. In other
words, although the event of the RIO2016 Olympicsonly lasted
for 2 weeks, the discussion of this event with regard to Zika

Figure5. Signalsof the main Zika-related tweets and RIO2016 tweets.

Safarnejad et d

went on throughout the entire year because the Olympics was
a planned event. Specifically, on its opening ceremony day
(August 5) and on the next day, 12% and up to 18% of all
Zikarrelated tweets were related to RI02016, respectively.
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In addition, RIO2016 had a prominent presence in other
noticeable peaks of the Zikarelated tweeting signal. For
example, RIO2016 constituted 71% of all Zika-related tweets
on day 149 (May 28). Our further investigation revealed that
on day 133 (May 12), a researcher started the debate that
RI102016 should be canceled or at |east postponed amid concerns
of the Zika outbreak [36]. However, on day 149 (May 28), the
WHO released a statement [35] explaining that it was not
necessary to take such an action. Owing to the WHO
announcement regarding RIO2016 and Zika on day 149, the
WHO-Zika signal adso had a peak on day 149;
WHO/Zika-related tweets comprised 34% of all Zika-related
tweets (Figure 4). These results supported H2 that Zika-related
tweeting dynamics were triggered by other events in the real
world.

Association Between Web-Based | nfluentials and
Zika-Related Tweeting Dynamics

In this section, we present therole of TT, TR, TRRT, and TM
influential user groups, as defined previously.
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Comparison Between Each Group of Influentials and
Zika-Related Tweeting Dynamics

Tweeting dynamics in the TRRT, TT, and TM groups and
retweeting dynamics in the TR group were extracted and
constructed for the top 100 users in each group. Quarterly
associ ation between these groups’ tweeting dynamicsand overall
Zika-related tweeting dynamics is shown in Figures 6-9. Each
figure has 3 panels. The upper panel showsthe overall tweeting
dynamics, the middle panel demonstratesthe tweeting dynamics
of the particular influential group, and the bottom panel shows
the CCF of the 2 signals. Group-level tweeting dynamicsin TT,
TM, and TRRT groups were highly correlated with and
approximated the shape of the overall tweeting dynamics
(Figures 6-8). However, the retweeting dynamics of the TR
group were not closely associated with the overall Zika-related
tweeting dynamics (Figure 9). Inthe TR group, there were peaks
in their retweeting signal on days 170, 173, 265, and 303;
however, no noticeable corresponding peaks were identified
around these daysin the main Zika-rel ated tweeting signal. We
conjectured that the TR group, in general, would be more active
following certain undetected events, which did not necessarily
coincide with the overall Zika-related tweeting dynamics.
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Figure 6. Quarterly correlation between the main Zika-related tweeting signals and users’ tweeting signalsinthe TT group. TT: top tweeter.
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Figure 7. Quarterly correlation between the main signal and usersin the TR group. TR: top retweeter.
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Figure 8. Quarterly correlation between the main signal and usersin the TRRT group. TRRT: top received retweets.
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Figure 9. Quarterly correlation between the main signal and usersin the TM group. TM: top mentioned.
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Moreimportantly, for TT, TRRT, and TM groups, the maximum
CCF occurred at +1 day lag in the first three quarters of 2016
(Figures 6, 8, and 9), indicating that these groups' tweeting
activitieswere 1 day ahead of the overall discussion on Twitter.
For example, the peaks in the overal Zika-related tweeting
signal lagging behind the pesks in the TM group by
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approximately 1 to 2 days. Therefore, theseinfluential groups
tweeting activities were not only highly associated with the
overall tweeting dynamics but these influentials were also the
potential driving forces of the overall Zika discussions on
Twitter. As aresult, by observing a few hundred influentials
tweeting activities, we could accurately predict the upcoming
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rise and fall in the overall tweeting dynamics. Nevertheless,
this lag diminished to zero in the fourth quarter for all 3
influential groups, as the Zika epidemic and PHEIC ended in
the fourth quarter of 2016.

In addition, we examined the contributions of individual users
in each of these influential groups, TT, TRRT, and TM. We
further calcul ated the CCF between a user’ stweeting time series
and the overall tweeting dynamicsin each quarter aswell asin
2016 (Figure 10). Time lags of the majority of influential users
were very close to zero, which implies that these users could
not be driving the overall discussion of Zika on Twitter, but
rather participating in the discussion. However, there were a
few userswhose time lags were substantially positive, indicating
their potential role in driving the overall Zika-related tweeting

Figure 10. Comparison of tweeting activity of anindividual user in 4 infl
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Overlap Between I nfluential Groups

In addition to exploring each potential influential group’srole
in driving the Zikarelated tweeting dynamics, we also
investigated if different influential groups had overlaps. Table
2 shows the year-long intersections between any 2 groups of
influentials, whereas Table 3 shows the overlap for selected
groupson aquarterly basis. The TM group had no member who
also belonged to the TM or TRRT groups, and the TT group
had no intersection with the TRRT group. These results
suggested that being highly active did not necessarily guarantee
to receive a lot of mentions and/or RTs from other users on
social media. Therefore, active and passive influentials
discussing Zika on social media were distinctive users.
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dynamics. Furthermore, the quarterly results revealed the
tweeting dynamics of influentials at afiner temporal resolution
than yearly results (Figure 10). Note that in each panel, thefirst
4 boxplots (1abels 1-4 on the x-axis) were quarterly, and the last
one (label 5) was for the entire year of 2016. In general, most
influentials did not engage in Zika discussions on Twitter
constantly and continuously acrossthe entireyear of 2016. They
might be active and highly influential during certain periods
when they were interested in Zika and, hence, participated in
discussions on Twitter. As a result, aggregating al individual
influential users' tweeting activities in the entire year would
undermine each user’'s temporal dynamics of tweeting and,
consequently, its time-specific influence on the overal
discussion dynamics on social media.

uential groups with the main signal.
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On a quarterly basis, there were quite a few influentials who
were being mentioned and retweeted extensively at the same
time (Table 3, column 2). On the other hand, there were only a
few usersin the TR group who were al so highly mentioned and
retweeted (Table 3, columns 1 and 3). These user accounts
belonged to health organizations, such as @cdchep and
@CDCChronic, and aso a few well-known but independent
individuals, such as @Laurie_Garrett and @MackayIM. This
reinforced our previous finding that active and passive
influentials were not the same users. For public health agencies
such as the CDC, athough they might actively disseminate
information to the public on social media, their efforts were not
well recognized by the general public users. Therefore, health
agencies need to craft more effective strategiesto engage public
participation and discussion of an emerging health issue on
social media.
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Table 2. Overlap between the 4 groups of influentialsin the entire 2016 period.

Influentials TMa‘ n TRRTb, n TTC, n TRd, n
™ N/AE 47 11 0
TRRT 47 N/A 0 0
TT 11 0 N/A 6
TR 0 0 6 N/A

3TM: top mentioned.

bTRRT: top received retweets.

°TT: top tweeter.

R top retweeter.

EN/A: not applicable.

Table 3. Quarterly overlap between selected influential groups.
Quarter in 2016 TMATRP TM-TRRTS TR-TRRT
1 4 49 3
2 4 43 5
3 3 44 2
4 6 45 8

3TM: top mentioned.
bTR: top retweeter.
°TRRT: top received retweets.

Discussion

Principal Findingsand Future Work

Communicating with the general public is essentia in risk
communication during public health emergencies[37]. Hosting
alarge and diverse population, social media platforms such as
Twitter are valuable resources for public health professionals
to understand and analyze public opinions on emerging health
issues [23,38-41]. During the 2016 Zika epidemic, Twitter was
demonstrated to be an ideal place to explore public concerns
and interests about the disease through time and across different
locations [23,25,27,42-44]. In addition as a means of
understanding public opinions, social media platforms are
utilized by health professional sto communicate with the public
and disseminate accurate and timely information regarding an
ongoing health emergency [45]. For example, our previous
study evaluated the role of CDC in disseminating Zika-related
information on Twitter during the Zika outbreak. We revealed
that the CDC played a critical role in tweeting Zika-related
information during the first quarter of 2016 when the actual
disease counts were till relatively low. However, the CDC's
Zikarrelated tweets quickly and drastically decreased after the
first quarter of 2016, when the Zika case countsincreased [27].
One important yet underexplored aspect of web-based
discussions of health emergenciesisto identify potential driving
forcesthat can lead and change the dynamics of discussionson
social media. Identifying such influential factors/contributors
is critical for devising effective strategies in health crisis
management and risk communication. Studies have shown that
monitoring discussions on social media or search queries

https://publichealth.jmir.org/2020/3/€17175

through infodemiology and infoveillance methods can help
estimate or predict disease burden [28,31,46,47]. However, it
is unclear if and how the actua situation of a health issue
influencesthe public’'s perception and discourse on social media.
Moreover, the correlation between real-world events and their
potential impact on web-based discussions of health emergencies
is not well investigated and understood. In addition to
investigating the impact of what happened, it is critical to
eva uate the role of web-based influentia actors, that is, those
who would be web-based opinion |eaders who drive web-based
discussions.

These 3 research questions correspond to the 3 hypotheses
investigated in this study. Our systematic and comprehensive
analyses have provided a novel and holistic view of different
factors impacting discussions about a health emergency on
social media. Thisnew perspectivewill help usbetter understand
the complexity of such discussions.

In the future, there are a number of directions that we could
pursueto further improve and expand thiswork. Asan example,
the last hypothesis that investigates the role of web-based
influentialsisnot mutually exclusive from thefirst 2 hypotheses.
For instance, our preliminary study has shown that during and
immediately after the WHO-PHEIC announcement on February
1, 2016, many news agencies Twitter accounts helped
disseminate this announcement on Twitter. Therefore, both the
critical real-world event (WHO-PHEIC announcement) and
web-based influentials (news agencies’ accounts) simultaneously
drove Zika-rel ated tweeting dynamics. In the future, we plan to
further explore changes in the dynamics of discussions by
constituent contributors.
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In this study, we demonstrated a high association and temporal
precedence between the tweeting activity of influentials and
overall tweeting dynamics. The web-based tweeting signals of
influentials preceded the overall tweeting signal regarding Zika,
which were strong indicators of potential causality. Our results
suggest that the tweeting activities of the TRRT, TT, and TM
groups are good representatives of the overal tweeting
dynamics. Therefore, their tweeting dynamics can be used to
accurately approximate overall discussion dynamics on social
mediaand to further predict the upcoming changesin discussion
dynamics effectively.

To investigate discussion dynamics on Twitter, a highly
sophisticated and complicated social media platform with
millions of tweets, we utilized an array of different
computational methods, including atime seriesanalysis, signal
processing, a content anaysis, and information theory
computations. In particular, we devel oped an analytical pipeline,
EventPeriscope, to integrate and consolidate these different
computations. The EventPeriscope pipeline is the practical
outcome and contribution of this study. Compared with other
similar analytical frameworks, EventPeriscope hasthe advantage
of detecting both planned and unplanned events related to a
specific discussion topic. Thisanalytical pipeline can bereadily
transferred and applied to investigate other emerging or
nonemerging issues on social media, such as the general
discussion of health issues, identifying potential driving forces
of the discussion, and evaluating their influence.

It should be noted that the 3 major drivers on tweeting dynamics
mentioned in this study are not an exhaustive list of possible
drivers. Further potential drivers, such as individual users or
organization users and verified or unverified user status, will
also be investigated in the future. In addition, we can also use
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EventPeriscope to detect other concurrent issuesthat might also
influence Zika-rel ated tweeting dynamics, such asthe 2016 US
presidential election. In addition, Zika case counts outside the
United States could also be a potential driver, especially
web-based discussions in Spanish and Portuguese.

Conclusions

This study analyzed Zika-related tweeting dynamics in 2016
when Zika became a global concern. We revealed the potential
drivers of Zika discussions on socia media by testing 3
hypotheses. First, we demonstrated that Zika-related tweeting
dynamics, that is, the time series of the dailly number of
Zikarrelated tweets, were not substantially associated with the
underlying Zika epidemic (the time series of downscaled daily
case counts) in the United States in any of the four quartersin
2016 aswell asin the entire 2016 period. We then showed that
peaks of Zikarelated tweeting dynamics were significantly
influenced by and associated with critical real-world events,
both planned, such as the Rio Olympics, and unplanned, such
as the WHO-PHEIC announcement. We further evaluated the
role of potential web-based influentials and demonstrated that
the TT, TM, and top users whose tweets were retweeted many
times (TRRT) groups were potential drivers of the overall
discussion of Zika on Twitter. Through these careful analyses
of tweeting dynamics, our study revealed the potential
contributors and drivers of adiscussion on an emerging health
topic. Insights gained from this study could be applied to other
emerging health topics in the future. More importantly, we
demonstrated the feasibility of our comprehensive analytical
approach and the EventPeriscope framework to investigate
web-based discussion dynamics of health emergencies and to
identify the potential driving forces of these discussions.
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