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Abstract

Background: An estimated 3.9 hillion individuals live in a location endemic for common mosquito-borne diseases. The
emergence of Zikavirusin South Americain 2015 marked the largest known Zika outbreak and caused hundreds of thousands
of infections. Internet data have shown promise in identifying human behaviors relevant for tracking and understanding other
diseases.

Objective: Using Twitter posts regarding the 2015-16 Zika virus outbreak, we sought to identify and describe considerations
and self-disclosures of a specific behavior change relevant to the spread of disease—travel cancellation. If this type of behavior
isidentifiable in Twitter, this approach may provide an additional source of data for disease modeling.

Methods: We combined keyword filtering and machine learning classification to identify first-person reactionsto Zikain 29,386
English-language tweets in the context of travel, including considerations and reports of travel cancellation. We further explored
demographic, network, and linguistic characteristics of users who change their behavior compared with control groups.

Results:  We found differences in the demographics, social networks, and linguistic patterns of 1567 individuals identified as
changing or considering changing travel behavior in response to Zika as compared with a control sample of Twitter users. We
found significant differences between geographic areasin the United States, significantly more discussion by women than men,
and some evidence of differencesin levels of exposure to Zika-related information.

Conclusions: Our findings have implications for informing the ways in which public health organizations communicate with
the public on social media, and the findings contribute to our understanding of the ways in which the public perceives and acts
on risks of emerging infectious diseases.

(J Med I nternet Res 2019;21(5):€13090) doi: 10.2196/13090
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Introduction demographically biased [2], these data are thought to be

fundamentally changing health care[3]. Social mediadatahave
been studied to provide insights into public health discourse
[4,5] and concerns[6,7].

Social Media for Public Health
Internet data, including data from social media platforms such

as Twitter, have been used extensively in recent years to study
health patterns and better understand infectious disease
outbreaks [1]. Although it is known that social media usageis
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A particularly successful areaof research has used internet data
toimprove the forecasting of disease outbreaks. Several studies
have found that these data, when combined with traditional
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sources of epidemiological data, can improve the surveillance
and forecasting of seasonal diseases such as flu [8-12] and
mosquito-borne diseases such as dengue[13,14] and West Nile
[15].

In this study, we have considered disease epidemics from the
perspective of human behaviors that can affect a disease
outbreak. We studied the recent outbresk of Zika virus, a
mosquito-borne virus that has recently been linked to birth
defects and other disorders, as a domain for studying
disease-relevant behavior. We have focused on a specific
behavior, decisions to change travel to avoid areas affected by
Zika, because of the extensive literature that travel contributes
significantly to infectious disease emergence [16,17]. We have
used acombination of content analysisand supervised machine
learning techniques to understand first-person accounts of
travel-related decisions during the Zika outbreak. This study
aimed to answer the following research questions (RQ):

1 RQ1: Canweidentify individualswho report they changed
their travel behavior in response to concerns about Zika?

2. RQ2: What are the characteristics of Twitter users who
change or consider changing their travel behavior? In
particular, we wished to know:

« 2(a): Are there temporal, geospatial, or gender-based
patterns in users who change their behavior?

« 2(b): Are there linguistic differences in messages posted
by theseindividual s compared with users selected at random
from Twitter?

« 2(c): Are these individuals exposed to more information
about Zika on Twitter?

We have answered these questions by analyzing a collection of
29,386 English-language tweetsfiltered for keywordsdescribing
Zika and travel. We used a cascade of 3 machine learning
classifiersto identify behavior mentionsin tweets, and we have
proposed a method of incorporating classifier error into our
statistical analysesto test our hypotheses.

Zika Emergence

M osqguito-borneinfections have long been known to cause large
outbreaks that result in substantial morbidity and mortality. An
estimated 3.9 billion individuas live in alocation endemic for
common mosquito-borne diseases, for example, dengue,
chikungunya, and now, Zika[18]. Although Zikaemerged only
recently in Central, South, and North America, the virus was
originally discoveredin 1947 in Uganda[19]. Through the 20th
century, documented outbreaks were rare. The first outbreaks
occurred in 2007 in Gabon and the Federated States of
Micronesia[19]. Furthermore, 6 years later, French Polynesia
experienced thefirst large outbreak, and there was adocumented
association between neurological symptomsand Zika[19]. The
subsequent emergence of Zikain South Americain 2015 marked
the largest known Zika outbreak and caused hundreds of
thousands of infections [19-21]. Between 2015 and 2017, the
Pan American Health Organization (PAHO) reported over half
a million suspected Zika cases in South and Central America
[22].

For the overwhelming majority, Zika is a mild infection; the
majority of cases are asymptomatic [23]. However, for some,
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Zikainfection can lead to more serious complications, including
theneurological syndrome, Guillain-Barré [24], and birth defects
in fetuses infected in-utero [25].

Importantly, these causal relationships have only been recently
established. In October 2015, Brazil reported an association
between Zika cases and microcephaly, a condition where an
infant's head circumference is extremely small and is
accompanied by severe devel opmental and health complications
[26], and others noted a possible association with Guillain-Barré
syndrome in adults [24]. As evidence mounted that there was
a causal relationship, the World Health Organization (WHO)
and PAHO issued alertsin December 2015 about the association
between Zika, neurological syndromes, and birth defects. The
United States responded to these alertsin mid-January 2016 by
issuing atravel advisory for pregnant women, which cautioned
against traveling to locations with local Zikatransmission [21].
Zikawasthen declared a public health emergency by the WHO
in February 2016 [21].

Travel and I nfectious Disease

Travel advisories are an important public health intervention
because of the documented impact of travel on the emergence
of infectious diseases [16,17]. Historical case studies describe
imported cases of diseases that led to large outbreaks as early
asthe 1500s[16]. In the present day, there are many outbreaks
that have been attributed to travel from other regions. For
exampl e, genetic data from the 2009 H1N1 outbreak show that
the movement of swine around Mexico was responsible for
outbreaks in various provinces [27]. Genetic evidence further
indicates that HIN1 was probably introduced to the United
States from both Mexico and Asia[27].

Simulations find that the impact of travel on disease spread
varies based on anumber of factors. For example, Bajardi et a
found that travel restrictions could reduce cases but probably
only minimally [28]. However, research done by Huizer et al
finds that air travel could have dramatically changed the 1968
pandemic influenza in Hong Kong [29]. In genera, travel is
thought to play an important but variable role in disease
transmission. Current recommendations are to implement
travel-related control measures as necessary [30,31].

Social Mediaand Zika

Internet data have been used to better understand individual
health behaviors and health discourse on the Web. Studies have
found evidencethat users publicly discussavariety of ailments
[4], as well as particular behaviors used to prevent ailments.
For example, Signorini et al observed discussions of behaviors
such as hand washing and wearing masks to prevent the flu
[210]. Paul and Dredze similarly notethat individual s often report
medications used for symptom relief [4].

As the largest known Zika outbreak occurred recently,
researchers are only now beginning to investigate the use of
internet data to understand this particular disease. McGough et
al used an autoregressive modeling approach to combine
epidemiological data from PAHO, Twitter, Google search
queries, and reports from HeathMap to build short-term
forecasts for several Central and South American countries.
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They found that the lowest error models were produced when
using Google search query volumes [32].

Others have found important information in Twitter data.
Stefanidis et al used tweets from the first 3 months of the
outbreak to characterize discourse around Zika[33]. These data
were used to look at the emergence of spatial clustersin online
discussions of Zikaon Twitter and to identify distinct geospatial
communities that participated in the conversation early in the
outbreak. In particular, they found that Twitter users tended to
use public health organizations to find information and did not
generally use Twitter as a way to interact with organizations
directly [33]. Using data encompassing more of the outbreak,
Miller et a used Twitter to identify tweets about treatment,
transmission, and prevention of Zika and noted the use of
Twitter asaway to monitor concernsin the general population
[34].

Sharma et a investigated information dispersion on Facebook
and specifically noted that inaccurate or misleading posts were
more popular than those with scientifically sound information
[35]. This observation is consistent with previous work which
identified rumors and health misinformation on Twitter [36].
Similarly, Gui et al noted that even official sources of
information were unreliable during the outbreak because of
incomplete information and observed that the internet provided
spacesthat allowed individualsto framerisk and decisions[37].

Seltzer et a used Instagram to look at image-sharing practices
around Zika[38]. They found that health-related imagesrelated
to Zika were predominately about transmission and prevention
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and suggested that Instagram could be used to track sentiment
with regard to Zika[38].

M otivation and Contributions

Zikais likely to continue to be an emerging illness of concern
with considerableimpactsin South, Central, and North America
[39]. In contrast to previous work that has focused on the
discourse on different platforms or the possible utility of various
internet data sourcesfor modeling forecasting, this study focused
on identifying a particular behavior of impact on the spread of
the disease—travel change. As afirst step, this study aimed to
identify individuals on Twitter who chose to change their
behaviors (RQ1), understand the characteristics of those
individuals (RQ2a), and test explanations for any patterns
observed (RQ2b and 2c).

Human behaviors directly impact disease transmission [40,41].
Previous work has found that travel patterns are important for
transmission but difficult to quantify because of a general lack
of available data [41]. A long-term goa of this study is to
incorporate behavior change data into disease-forecasting
models. Thisinitial study focused on the important first step of
identifying travel behaviors and characterizing the factors that
affect them.

Methods

This section describes the process used to identify relevant
tweets and the techniques used to train and tune the classifiers.
Wethen provide details on the collection of the Twitter timeline
and followee data used in later analyses. Figure 1 summarizes
the various datasets and methods.

Figurel. Dataprocessing and experimental overview. Dotted boxes show datasets and corresponding sizeswhere applicable. Solid boxes show methods
used and reference relevant text figures or tables. Black arrows show theflow of datathrough the pipeline. The gray arrows denote that thefinal classifiers
were used to identify first person, travel consideration, and travel change tweets from the keyword filtered tweets.
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Identifying Relevant Tweets

Our datacomefrom aset of 15 million Zika-related tweetsfrom
March 1, 2015, to October 31, 2016, with about 7 million in
English, described in Daughton et a [42]. This collection
includes all tweets mentioning Zika and related terms during
this time period.

Qualitatively, we observed that the bulk of these Zika tweets
were sharing news or other information, usually with links to
external articles. However, we also observed a number of
English-language tweets describing personal or shared
experiences with Zika, including behavior changes in response
to concerns about Zika (eg, changing travel plans or buying a
mosquito repellent). This section describes our approach to
identifying such personal mentions of travel-related behavior
through apipeline of keyword filtering and supervised machine
learning.

Keyword Filtering

As personal mentions of travel behavior are a very small
proportion of the dataset, we first filtered the dataset to provide
a subset with a higher fraction of relevant tweets. This is a
standard approach in many social media applicationsto obtain
a large enough fraction of relevant instances to build a
reasonably balanced training set [43-47]. In our study, tweets
were filtered for those that contained (1) at least one of a set of
first-person pronouns to target personal behaviors and (2) at
least one of alarge set of travel-related terms (see Multimedia
Appendix 1).

To be as comprehensive as possible when constructing the list
of travel-related terms, we included all major airlines in the
United States and all airlines with flights to South America
[48,49]. Twitter handles of the airline, cruise, and travel agency
companies, including official Twitter handlesaswell ashandles
used for negative feedback, wereincluded. These were manually
curated by searching for the company on Twitter and identifying
associated handles.

After filtering and excluding retweets, 29,386 English-language
tweets matched these criteria

Classification

After keyword filtering, we still observed a variety of tweet
topicsin the data. Thisincluded mentions of changesin travel,
opinions about the Olympics (which were hosted in Brazil
during the outbreak), opinions about quarantining travelers, and
general worry about Zika. The filters also captured tweets that
were neither first person nor about travel, such asthe headline,

Soraying Mosquitoes by Plane Ain't Perfect, But It's the Best
WE've Got for Zika - WIRED.

To further filter the dataset to tweets of relevance to this
study—tweetsin which people express that they are personally
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changing or thinking about changing their travel behavior—we
constructed 3 binary classifiers:

1 First person: Tweets where someone makes their own
comment related to Zika in contrast to sharing external
content. This can includejokes, opinions, observations, and
guestions. This category does not include headlines,
promotion or solicitation for articles or events, or generic
requests for congresspersonsto fund Zika.

2. Travel consideration: First-person tweetsthat are about the
tweeter’'stravel plans. Thiscan includetweetsthat explicitly
express the desire to change or not change travel, as well
as tweets that are concerned but undecided about travel
change.

3. Travel change: Travel consideration tweets that explicitly
indicate that the tweeter has changed travel plans or is
actively trying to change their travel plans. We aso
attempted to categorize tweets that explicitly said the user
would not change travel, but we were unable to build a
reliable classifier (F1=.35) and, therefore, excluded it from
this study. Messages such as | want a refund for my trip
would be labeled as travel change whereas messages such
as|’'minterested in your refund policy would not.

Each category only appliesto tweets positively labeled with the
previous category—travel consideration tweets must also be
first-person tweets, and travel change tweets must also betravel
consideration tweets.

Annotation

To create a training set for learning supervised classifiers, we
randomly sampled 2000 English-language tweets from the
keyword-filtered dataset and annotated them with the 3
categories above. Furthermore, 2 researchers independently
annotated all tweetsto measure agreement. Astweetswere only
labeled for travel consideration and travel change when they
were labeled with the previous category, we only calculated
agreement for these categories when annotators also agreed on
the previous category. This can be interpreted as measuring: in
the cases where annotators agreed on first person, what was
their agreement on travel consideration?

Examples of each category, frequency, and agreement are shown
in Table 1. To create the fina set of labeled data, the 2
annotators discussed the disagreements and updated category
criteria to resolve disagreements. For example, annotators
disagreed on whether promotion or solicitation of articles or
events, as well as requests for congresspersons to fund Zika
should be in the first-person category. After discussion, we
clarified the criteria to exclude those types of tweets. Using
these updated criteria, disagreements were resolved, and the
final labels were selected.
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Table 1. Label frequency (%), annotator agreement (Cohen’s k), and example tweets for each classification category.

Category Example (paraphrased) % (n/N) K

First person When Zika explodes after the Olympics, I’'m going to say | told you so! 41.15% (823/2000) .52
Travel consideration Thinking about going to Rio for honeymoon. Will | be safe with Zika? 17.5% (350/2000) .76
Travel change So mad | had to cancel my island babymoon because of Zika 10.8% (216/2000) .66

Training and Evaluation

All classifiers were binary logistic regression classifiers built
using the Python package scikit-learn (version 0.19.1) [50],
where the 3 classifiers were used in a pipeline. Binary logistic
regression is an attractive method because outputs are easily
interpretable and can be easily tuned for optimal precision and
recall. Furthermore, this is a common method used in other
health surveillance work [9,51]. Twenty percent (400/2000) of
the initial dataset was reserved for testing. This is a standard
method used in machine learning to avoid overfitting models
[52]. On the training data, we used a grid search to learn the
best regularization parameter and feature set, using 5-fold
cross-validation to measure the validation performance. For all
classifiers, we tested features that included 1-, 2-, and 3-grams.
Unigrams (1-grams) consistently outperformed longer n-grams
or combinations of n-grams. We a so experimented with feature
selection using a chi-square test in an attempt to improve
classifier metrics [53]. The best results were obtained when all
features were used (first person and travel consideration) and
when the top 70% of features were used (travel change; see
Multimedia Appendix 2). Tweets were preprocessed to remove
emojis, punctuation, and consecutive identical characters (eg,
vowel elongation) and to replace URLs and usernames with
generic tokens.

Table 2. Final precision, recall, and F1 of the 3 classifiers.

Performance results on the held-out test dataare shownin Table
2. Note that the F1 values shown here differ from those shown
in Multimedia Appendix 2 because Multimedia Appendix 2
was generated using cross-validation on the training data,
whereasthe final metrics were generated using the testing data.
We observed that the travel consideration classifier performs
the weakest. We also compared the pipeline approach with
stand-alone travel consideration and travel change classifiers.
However, this method resulted in significantly worse F1 scores
(.63 and .65, respectively), and thus, we proceeded with a
pipelined approach. The next subsection describes how we
account for the cascade of classifier errors in our statistical
analyses.

Precision is a measurement of type | error and describes the
number of selected items that are actualy relevant (percent of
those classified positive that are actually positive). Recall,
related to type Il error, instead describes how many relevant
items are selected (percent of positive instances in the full
dataset that are classified positive). F1 then combines these 2
metrics, using aharmonic mean, to describe the system overall.
We show both F1 using the pipelined approach (the final
classifier) as well as the F1 score if each classifier is built
independently (see Table 2).

Classifier Precision Recall F1 F1 (no pipeline)
First person 0.89 0.94 0.92 0.92
Travel consideration 0.61 0.74 0.67 0.63
Travel change 0.66 0.81 0.73 0.65

Statistical Analysis

Our analyses involve measuring the proportion of tweets
classified as the various categories along different dimensions.
When appropriate, we have provided Cls of these estimates.
Our Cls are based on bootstrap resampling [54], a
nonparametric technique that works as follows. A single
bootstrapped estimate of the desired statistic (eg, proportion of
tweets) is estimated by resampling the dataset with replacement
(bootstrapping) and calculating the statistic from the randomly
sampled version of the dataset. This is repeated many times
(1000 times in our experiments) to construct a distribution of
bootstrapped estimates, and the middle 95% of the estimates
aretaken as a 95% ClI for that statistic [55].

We further modify this approach to account for the uncertainty
present in the classifier, using the negative predictive value
(NPV) and the positive predictive value (PPV). The NPV isthe
ratio of true negatives to the sum of true negatives and false
negatives whereas the PPV (equivalent to precision in
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classification) is the ratio of true positives to the sum of true
positives and false positives (see [56] for an extensive
description of the method). By using this method, we are able
to account for the inaccuracies of the individual classifiers and
avoid propagating error through the pipeline. We refer to this
method as a weighted bootstrapped Cl in al relevant figures.

Timeline and Followee Collection

Owing to the widespread attention the Zika outbreak received
in the media, we wanted to identify if there are other
characteristicsthat differentiate userswho changed or considered
changing travel ascompared with userswho tweeted about Zika
but did not discusstravel plans.

Using our labeled training data, we collected a set of 100 users
sampled at random for each of the 3 classification categories.
To construct comparison groups, we also sampled 100 users
from the entire set of English-language Zika tweets, aswell as
100 English-language users selected at random from all of
Twitter. When sampling, we excluded verified users, as the
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inclusion of celebrities and other prolific accounts could bias
theresults. Wethen identified 3 sets of 100 users at random for
each classifier. For each group, we collected the Twitter
timelines of the users and the list of individuals they follow
(their followees) using Tweepy [57]. These data were
downloaded in January 2018.

Owing to Twitter's application programming interface (API)
restrictions on user timelines, we were only able to collect the
most recent 3200 tweetsfor each user. Thismeansthat wewere
not able to collect tweets during the time period of the Zika
outbreak especially frequently. This could affect the analyses
but will be a close approximation as long as these users have
not substantially changed their tweeting behavior since 2016.
Tweets were preprocessed in the same manner as described in
the Classification section.

Results

Applying the classifiers to the keyword-filtered tweets resulted
in a final dataset of 13,225 first-person tweets, 3083 travel
consideration tweets, and 1567 travel change tweets. This
section describesthe results of our analyses of these tweets and
the users who posted these tweets.

Temporal Patterns

Temporal trends in the 3 datasets are shown in Figure 2. Two
major spikes corresponding to important events during the
outbresk are evident. Thefirst occurred in February 2016 during
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thetime of initial travel advisoriesby the WHO and the Centers
for Disease Control and Prevention [21]. The second, more
gradual peak occurs in the summer of 2016 and appears to
correspond to the summer Olympics in Rio de Janeiro. We
noticed anincreasein travel change tweets primarily during the
initial set of travel advisories, rather than sustained interest in
travel throughout the course of the outbreak.

We also explored temporal differences in the destinations of
the users’ cancelled travel. To do this, we manually labeled the
destinationsin all 1567 tweets that were classified in the travel
change category asinternational or domestic with regard to the
United States. Many tweets were not specific about the location
of travel plans; we were able to identify 34% of travel change
destinations. We found 2 distinct peaks in decisions to change
travel (Figure 3). International change spikes sharply in
conjunction with theinitial travel advisories of February 2016,
whereas domestic change spikes sharply in August 2016. The
latter spike aligns in time with evidence of local Zika
transmission in Florida that was first identified in July 2016
[58] and may aso correspond to the increase in cases in US
territories such as Puerto Rico [59]. There is an additional peak
in the international change tweets in September 2016. These
tweets primarily discuss canceling travel to Singapore, which
had started to identify local cases in late August 2016 [60].
Although the volume of tweets is small, they show a timely
responseto the newsthat Zika had emerged and was circulating
locally, within aweek of the initial official Ministry of Health
report [60].
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Figure 2. Temporal trendsin classifications by week.
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Geospatial and Gender Patterns

Geogpatial Variability
To evaluate spatial trends, we geolocated tweets using Carmen
[61], which resolves tweets to structured locations using

geographic coordinates when available and user profile
information if not.

We grouped tweets into geographic regions defined by the US
Department of Health and Human Services (HHS). HHS
Regions are regiona groupings of states in the United States
that are commonly used to aggregate states for health studies.
Asthetraditional HHS Regions group geographically disparate
states together (eg, Hawaii and island territories are grouped
with mainland regions), we modified the HHS Regions as
follows:

1. R1: Connecticut, Maine, Massachusetts, New Hampshire,
Rhode Island, Vermont.

2. R2: New Jersey, New York.

3. R3: Delaware, District of Columbia, Maryland,
Pennsylvania, Virginia, West Virginia.

4. R4 Alabama, Florida, Georgia, Kentucky, Mississippi,
North Carolina, South Carolina, Tennessee.

5 R5: |lllinois, Indiana, Michigan, Minnesota, Ohio,
Wisconsin.

6. R6: Arkansas, Louisiana, New Mexico, Oklahoma, Texas.

7. RT: lowa, Kansas, Missouri, Nebraska.

8. R8: Colorado, Montana, North Dakota, South Dakota, Utah,
Wyoming.

9. R9: Arizona, California, Nevada.

10. R10: Alaska, Idaho, Oregon, Washington.

11. Caribbean Islands: Puerto Rico, US Virgin Islands.

12. Pacific Idands: Hawaii, American Samoa, Northern
Mariana Idlands, Federated States of Micronesia, Guam,
Marshall Islands, Republic of Palau.
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We ultimately excluded both the Pacific Islands and Caribbean
Islands from this analysis because there were not enough tweets
classified in these regions (fewer than 50 tweets each).

As tweet volume varies by location, we created a type of
per-capitaestimateto adjust for the overall popularity of Twitter
in each region. We collected a 1% sample of tweets from the
Twitter streaming APl over approximately 10 nonconsecutive
daysthroughout December 2017 and January 2018 to normalize
the estimates (42.1 million tweets). The number of tweets
classified from each region wasthen divided by the total number
of tweets from that region in the random sample.

Figure 4 shows a wide variation in the weighted volume of
tweets across different spatial regions of the United States.
Regions 1, 7, 8, and 10 have the highest relative volume of
tweets considering and changing travel plans. These regions
predominantly consist of landlocked states in the center of the
country and include individuals who would have only been at
risk of Zika infection if they traveled to an area with local
transmission. Interestingly, regions that included states where
Zika transmission occurred (Florida—Region 4 and
Texas—Region 6) were among the lowest in weighted volume
of tweets. It could be that individuals in these locations were
not tweeting about travel change because they were at a more
acuterisk of infection. It isalso possiblethat more granular (eg,
state-level) observations are obscured by aggregation to the
HHS level.

Gender Variability

AsZikais primarily aconcern for women who are pregnant or
trying to become pregnant, we investigated the relative
percentage of women tweeting versus men (Figure 5). Gender
was inferred using the Demographer tool [62], which infers
gender of Twitter users with an estimated 94% accuracy based
on character n-grams of the persons’ names.
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Figure 4. Weighted volume of classified tweets by modified US Department of Health and Human Services Region. Bars show median weighted
volume. Error bars represent 95% confidence intervals obtained using weighted bootstrapped sampling.
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Figure 5. Relative percent of women in a sample of Twitter (red), English Zika dataset (orange), travel consideration dataset (yellow), and the travel
change dataset (blue). Bars show 95% weighted bootstrapped confidence intervals.
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Linguistic Comparison

To better understand the factors that contribute to a decision to
change travel, we compared the style and content of messages
between users in the travel consideration and travel change
groups with the random sample of Twitter users. We
hypothesized that those who discuss Zikatravel are morelikely
to talk about health in general than typical Twitter users and

https://www.jmir.org/2019/5/€13090/

RenderX

that those who consider changing travel may have higher levels
of fear or anxiety.

We used Linguistic Inquiry Word Count (LIWC) [63], which
maps various English-language terms to linguistic and
psychological constructs. We selected a subset of LIWC
categories related to our hypotheses (health and anxiety), as
well as categoriesrelated to various personal concerns asaway
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of categorizing other general content of discussion. We also
created a category specifically for pregnancy- related terms,
using theregular expression pregnan*, because of the relevance
of Zika to a developing pregnancy. Although pregnancy is
included in the LIWC biological processes category, that
category is much broader than pregnancy specifically.

For each user timeline and each LIWC category, we calcul ated
the percentage of tweets that contain aterm from the category.
In this calculation, we excluded the tweets mentioning Zika so
that the analysis does not reflect the same data used to select
users. In addition, we restricted the analysis to timelines with
aminimum of 10 tweets across the timeline. Finally, for each
category, we calculated the average percentage across all
timelines in each user group. The results are shown in Table 3.

Compared with a random sample of Twitter users, users who
tweeted about changing or considering changing travel in
reaction to Zika are significantly more likely to use past and
present tense, as well as terms indicating social processes,

Daughton & Paul

perhaps indicating increased planning. Travel consideration
usersaresignificantly morelikely to use personal pronounsand
singular first-person pronouns and were significantly higher in
the anxiety category. Travel change users were significantly
more likely to use plural first-person pronouns, had higher
inhibition, and tweeted more about pregnancy. There are no
significant differences between the travel consideration and
travel change groups.

Contrary to our expectations, the travel groups do not tweet
significantly differently from the overall Twitter population
about health or bodily functions. This indicates that the users
we identified as part of this behavior change pipeline were
uniquely concerned about Zika and did not appear to be
generally more aware or interested in discussing health-related
topics on socia media (with the important exception of
pregnancy). It would be useful to explore more on this line of
inquiry in future work, as understanding who talks about
infectious diseases (and how) is of immediate interest to the
disease surveillance community [64].

Table 3. Average percent of Linguistic Inquiry Word Count category prevalence per group.

Type Category All Twitter Consideration Change
Linguistic processes Personal pronouns 0.6080 0.7495 & 0.7501
Linguistic processes 1st singular 0.2788 0.3673 2 0.3214
Linguistic processes 1st plural 0.0458 0.0699 0.0895 @
Linguistic processes 3rd singular 0.0692 0.0699 0.0895 2
Linguistic processes 3rd plura 0.0474 0.0561 0.0571
Linguistic processes Past tense 0.1794 0.2538 2 0.2665 &
Linguistic processes Future tense 0.0648 0.0842 0.0871
Linguistic processes Present tense 0.6053 0.77112 0.7947 &
Psychological processes Social processes 0.7181 0.8867 0.9760
Psychological processes Affective processes 0.6648 0.7362 0.7587
Psychological processes Positive emotion 0.4323 0.5106 0.5105
Psychological processes Negative emotion 0.2290 0.2225 0.2440
Psychological processes Anxiety 0.0246 0.0364 & 0.0331
Psychological processes Tentativeness 0.1556 0.2019 0.2075
Psychological processes Certainty 0.1203 0.1437 0.1375
Psychological processes Inhibition 0.0470 0.0633 0.0680 &
Psychological processes Biological processes 0.2230 0.2712 0.2401
Psychological processes Body 0.0705 0.0787 0.0674
Psychological processes Health 0.0495 0.0744 0.0734
Psychological processes Sexud 0.0857 0.0648 0.0526
Other (non- Linguistic Inquiry Word Count)  Pregnancy 0.0004 0.0106 0.0016 @

8 nstances where there are significant differences from the random sample. Significanceis estimated using an unpaired 2-sided t test with asignificance

level of P<.05 after Bonferroni correction.
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Network Comparison

Asafinal experiment, welook at the number of followees each
of the randomly selected users had that were also present
elsewhere in the Zika dataset—that is, the accounts a user
followsthat had at least one Zika-related tweet. Table 4 shows
the number of Zika followees in each group as well as the
number of tweetsthose foll owees tweeted that were about Zika.
We cal culate both the raw counts as well as normalized counts
in which we divide the number of Zika followees and number
of Zika tweets by each user’'s total number of followees. This
allows us to measure both the raw number of Zika tweets an
individual could have been exposed to and the rel ative likelihood
of exposure based on the proportion of their feedsthat contained
Zika content.

Although it is impossible to replicate Twitter's algorithm for
showing information on the timeline, we have the unique

Daughton & Paul

capability to look at network effects because we have 100% of
the tweets during the time period that explicitly mentions either
Zika or zikv. We reasoned that individuals who have many
followees who appear in the Zika corpus (ie, they follow
accountsthat are al so tweeting about Zika) were morelikely to
have tweets about Zika appear in their feed. If we were to find
that individuals who follow many accounts that appear in the
dataset are morelikely to appear in the travel change group, we
would then further question the role that Twitter plays in
catalyzing and informing decisions about behavior change.

Indeed, we did find that those individuals who considered or
changed their travel plans had a higher number of followees
and tweets that they could have been exposed to in the sample.
Although thetravel groups had higher counts under every metric
when compared with the control group, the difference is only
significant under the normalized metrics.

Table 4. The number of followees an individual user has who are also in the dataset, and the number of tweets that followees tweeted that are also in
the dataset. We normalized to the number of total followees for each individual. Valuesin italics are significant (P<.05).

Metric All Twitter, median (95% CI)

Consideration, median (95% CI) Change, median (95% Cl)

Number of followees (raw) 92.8 (58.3-135.4)
0.08 (0.06-0.11)
93.6 (56.2-141.2)

1.71 (1.02-2.62)

Number of followees (normalized)
Number of tweets (raw)

Number of tweets (normalized)

111.6 (71.1-170.9)
0.15 (0.12-0.17)
111.3 (67.7-169.8)
5.7 (3.41-8.74)

122.2 (82.3-177.4)
0.17 (0.14-0.20)
122.7 (79.6-179.0)
7.99 (3.47-14.98)

Discussion

Principal Findings

In an age where infectious diseases are emerging and
re-emerging rapidly [65], the ability to identify groups of
individuals who might be at increased risk of contracting or
contributing to the spread of infection can inform methods of
risk communication, infectious disease interventions, and
policies at a broader level.

We present supervised classifiers that identify evidence of
behavior changes with regard to concerns and changesin travel
plans owing to Zika on Twitter. Although previous work has
observed that individuals mention protective health behaviors
on social media[10], to the best of our knowledge, thisis the
first work to study a specific behavior change in depth. We
examined tempora and demographic patterns in travel
behaviors, aswell as psycholinguistic markers and information
exposure (as approximated through lexica and network
analyses, respectively) of individuals changing behavior
compared with a randomly sampled control group. More
concretely, we considered 4 research questions. Their respective
conclusions are discussed bel ow.

RQ1: Can we identify individuals who report they changed
travel behavior in response to Zika? We conclude that tweets
about changing travel and considering changing travel can be
identified with high recall. Furthermore, we are able to account
for the comparatively lower precision achieved here using our
weighted bootstrap resampling method.

RQ2(a): Are there temporal, geospatial, or gender-based
patterns in users who change their behavior? We observed

https://www.jmir.org/2019/5/€13090/

temporal patterns in travel consideration and travel change
tweets, including the destination of travel, which correspond to
important events in the Zika outbreak. We are encouraged that
temporal trends correspond with events that we would expect
to be reflected in this data stream.

We additionally find significant differences in the gender
distribution of users tweeting about travel consideration and
change compared with the general population of Twitter. In
particular, we find that the relative proportion of women
engaging in conversation indicating travel change behaviorson
Twitter ishigher than men. This, in combination with theresults
of RQ2(b) discussed below, is evidence that pregnancy was
playing arolein these considerations.

For comparison with existing knowledge on this subject, we
discuss 2 small surveys (85 and 121 participants) conducted in
New York (NY) [66] and Miami [67] about the knowledge
around Zika and travel and included related questions about
behaviors. In NY, researchers found that roughly a third of
women surveyed were not aware of thetravel advisoriesin place
during their travel, almost half were not aware that Zika was
being transmitted in the location that they traveled to, and a
relatively large number (about one-third) did not know they
were pregnant at the time of travel [66]. In Miami, the vast
majority of respondents were aware of Zika and reported that
they changed their behaviors to avoid the disease; however,
only 27% were aware that they were at risk of infection where
they lived [67]. Although these survey data exclude men, they
do find evidence that women were aware of the disease and that
somewomen (though not al) took measureslike changing travel
plans to avoid exposure to the disease. Indeed, these surveys
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highlight the importance of more work in this area to further
understand behavior changes over larger spatiotemporal regions.

RQ2(b): Arethere linguistic differences in messages posted by
theseindividual s compared with users sel ected at random from
Twitter? We found that users in the travel categories do not
appear to tweet more often about health than Twitter usersin
genera. However, travel change users do tweet more often about
pregnancy, which suggests this may be a factor in considering
travel changes. In addition, travel consideration users tweet
words associated with anxiety more than the general population.

RQ2(c): Areindividuals who change their behavior exposed to
moreinformation about Zika? Travel consideration and change
users have a datistically higher fraction of Zikarelated
followees and tweets in the sample, indicating that these users
had greater exposure to Zikarelated information. This is
evidence that exposure to information about Zika may play a
role in this decision-making process.

Limitations

There are several limitations of the data and our methodol ogy
that must aso be considered. Firgt, it is known that Twitter is
ademographically biased data source[68] and as such may not
be representative of the broader population. However, this
research contributes to the vast literature that uses the Twitter
platform to understand health behaviors[4,10,69]. Thedataare
additionally biased in that data only includes tweetsin English,
which are predominately from the United States. However, we
notethat datafrom the United States are appropriate for studying
travel behaviors because there was minimal Zika transmission
in the United States, as the mosqguito vector is absent in the
majority of the country. As such, the main method of exposure
was through travel to locations with local transmission. We
believe our framework could be applied to other behaviors that
are only applicable in places with local transmission, such as
the use of mosquito repellent, but the classifiers would need to
be trained in other languages such as Latin American Spanish.

Second, we recognize the lack of external validity owing to the
absence of comparable ground truth data. We view this as a
motivation for thisresearch, where findings from this study can
be viewed as hypotheses to test with future experiments. It is
well known that human behaviors directly impact disease
transmission [40,41,70]. For example, Lau et a find that the
Severe Acute Respiratory Syndrome epidemic changed
individuals travel patterns [71], and substantial research has
shown that beliefs and behaviors about vaccinations dramatically
impact disease occurrence [ 72]. However, travel-related research
data are currently sparse [41]. Although we cannot say that the
findings from this research are generalizable, the fact that they
exist on Twitter is evidence they do exist. As such, these data
can be viewed as motivations for larger survey experiments to
confirm the findings and to evaluate if Twitter is a viable
alternative data stream. Future work could also aim to validate
behavior estimates indirectly by verifying their utility in an
external task such as disease forecasting.

Third, machine learning classifiers introduce error [ 73], which
could be further amplified by using a pipeline approach.
However, we use weighted bootstrap sampling to appropriately
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Daughton & Paul

account for these errorsin downstream analyses. As our results
showed significant differences even after accounting for errors,
wedid not makeit apriority to build the best possible classifier
in thiswork, but instead relied on standard tools.

Finally, there are some limitations of our labeled dataset. It is
relatively small compared with some previous work. We
specifically chose not to scale up the annotation process with
crowdsourcing [74] so that the annotations were done by
researchers with domain expertise. However, it is possible that
alarger training set could lead to better classifier performance.
Similarly, our ability to identify statistically significant
differences between user groupsis limited by having only 100
timelines per group. However, the rate limits of the Twitter API
make it difficult to collect large numbers of user timelines.
Furthermore, although small sample sizes may affect the power
of the analyses, this does not affect the correctness of the
approach, which correctly constructs Cls.

In addition, the labeling criteria we used could introduce bias.
In particular, we can only capture people who explicitly state
that they are canceling travel and that they are doing so because
of Zika. Research in this field is limited, but initial work on
self-reports of cold and flu illness indicates that it is rare for
individuals to tweet about their health concerns [77], and it is
currently unknown how this could biasthe distribution of 1abels.
However, the experiments presented here do not try to measure
overall levels of travel cancellation because of these issues.
Instead, we focus on comparisons across groups, which arevalid
if these data biases are consistent across groups (eg, gender and

geography).
Implications

The results of this study show that people do describe
first-person behavior changes on Twitter and that such tweets
can be classified and analyzed at scale. In particular, we find
that our behavior change classifier produces a dataset that
corresponds to events during the outbreak and shows evidence
of geographic and gender-based differences in the behavior
change.

These data support hypothesesthat social mediacan play arole
inanindividual’s health choices. Other research has shown that
an important predictor of population health is knowledge and
that this knowledge can be disproportionate across different
geographical areas based on accessto health care expertise[75].
Research on waysin which social mediacan facilitate promotion
of accurate and important health messages, thus, has clear
applications.

Eventually, we envision these types of algorithms being used
within the disease surveillance community. Thereis substantial
previouswork using internet datato gather traces of information
about individuals health to monitor and forecast infectious
disease outbreaks (eg, search query volumes used for Google
Flu Trends). In principle, social media—derived data about
behaviorsthat affect the spread of disease could be incorporated
into forecasting models to better describe disease transmission
dynamics. As part of this study, we plan to eventualy
incorporate this type of datainto such models.
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In addition to monitoring and forecasting, dataand conclusions
from studies such as this work can inform preventative health
messaging. Previous research hasfound that the waysinfectious
diseases are framed contribute in important ways to the public
perception of the event’s severity [76]. Gui et a describe the
way in which individuals frame their personal risk from Zika
amid uncertain or unclear public health recommendations[37].
They noted that even official sources of information were
unreliable during the outbreak because of incomplete

Acknowledgments

Daughton & Paul

information and observed that the internet provided spaces that
allowed individuals to frame risk and decisions [37]. We
qualitatively observed in our datathat there were many instances
of individuals who were at low risk of complications resulting
from Zika but were highly concerned about their personal risk
from Zika. Future work in understanding how individualsframe
personal risk from infectious diseases could contribute to our
understanding of ways to improve public health risk
communication.

ARD and MJP conceptualized the work, developed methodol ogy, wrote associated software, performed the analyses and wrote
and edited the original manuscript. MJP provided supervision and project administration.

The LANL publication number is LA-UR-18-24423.

Conflictsof I nterest

MJP serves on the advisory board to Sickwesather, a company that uses social mediato forecast illness.

Multimedia Appendix 1
Travel-related keywords used to filter tweets.

[DOCX File, 14KB-Multimedia Appendix 1]

Multimedia Appendix 2

Cross-validated F1 scores for classifiers stratified by n-gram range and percentage of features used (based on chi-square).

[DOCX File, 20K B-Multimedia Appendix 2]

References

1.  Paul MJ, Dredze M. Social monitoring for public health. In: Marchionini G, editor. Synthesis Lectures on Information
Concepts, Retrieval, and Services. USA: Morgan & Claypool; Aug 31, 2017:1-183.

2. Chou WS, Hunt YM, Beckjord EB, Moser RP, Hesse BW. Social media use in the United States: implications for health
communication. JMed Internet Res 2009;11(4):e48 [FREE Full text] [doi: 10.2196/jmir.1249] [Medline: 19945947]

3. Hawn C. Take two aspirin and tweet me in the morning: how Twitter, Facebook, and other social media are reshaping
health care. Health Aff (Millwood) 2009;28(2):361-368. [doi: 10.1377/hlthaff.28.2.361] [Medline: 19275991]

4.  Paul M, Dredze M. You are what you tweet: analyzing Twitter for public health. ICWSM 2011:1-8 [FREE Full text]

5. Baka G, Kavuluru R. On Quantifying Diffusion of Health Information on Twitter. 2017 Feb Presented at: 2017 |IEEE
EMBS International Conference on Biomedical & Health Informatics (BHI); February 16-19, 2017; Orlando, Florida, USA
p. 485-488 URL.: http://europepmc.org/abstract/MED/28736772 [doi: 10.1109/BHI.2017.7897311]

6. J X,ChunsS, Geller J. Monitoring Public Health Concerns Using Twitter Sentiment Classifications. In: Proceedings of the
2013 |EEE International Conference on Healthcare Informatics. 2013 Presented at: ICHI'13; September 9-11, 2013;
Philadelphia, PA, USA p. 335-344. [doi: 10.1109/ICHI.2013.47]

7. KanhabuaN, Nejdl W. Understanding the Diversity of Tweets in the Time of Outbreaks. In; Proceedings of the 22nd
International Conference on World Wide Web. 2013 Presented at: WWW'13 Companion; May 13-17, 2013; Rio de Janeiro,

Brazil. [doi: 10.1145/2487788.2488172]

8.  Culotta A. Towards detecting influenza epidemics by analyzing Twitter messages. In: Proceedings of the First Workshop
on Socia Media Analytics. 2010 Presented at: SOMA'10; July 25-28, 2010; Washington DC, District of Columbia. [doi:

10.1145/1964858.1964874]

9.  Paul MJ, Dredze M, Broniatowski D. Twitter improves influenza forecasting. PL0S Curr 2014;6:1-12 [FREE Full text]
[doi: 10.1371/currents.outbreaks.90b9ed0f 59baedccaab83a39865d9117] [Medline: 25642377]

10. Signorini A, Segre AM, Polgreen PM. The use of Twitter to track levels of disease activity and public concerninthe U.S.
during theinfluenza A H1N1 pandemic. PLoS One 2011;6(5):e19467 [FREE Full text] [doi: 10.1371/journal.pone.0019467]

[Medline: 21573238]

11. LamposV, Cristianini N. Tracking the flu pandemic by monitoring the social web. 2010 Presented at: 2nd International
Workshop on Cognitive Information Processing; June 14-16, 2010; Elba lsland, Italy. [doi: 10.1109/CIP.2010.5604088]

https://www.jmir.org/2019/5/€13090/

JMed Internet Res 2019 | vol. 21 | iss. 5 | €13090 | p. 13
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v21i5e13090_app1.docx&filename=0a106cdc958b7f634e2496b913c26363.docx
https://jmir.org/api/download?alt_name=jmir_v21i5e13090_app1.docx&filename=0a106cdc958b7f634e2496b913c26363.docx
https://jmir.org/api/download?alt_name=jmir_v21i5e13090_app2.docx&filename=e9bd3ae3ad3d01dbb5952f4399c4edf4.docx
https://jmir.org/api/download?alt_name=jmir_v21i5e13090_app2.docx&filename=e9bd3ae3ad3d01dbb5952f4399c4edf4.docx
http://www.jmir.org/2009/4/e48/
http://dx.doi.org/10.2196/jmir.1249
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19945947&dopt=Abstract
http://dx.doi.org/10.1377/hlthaff.28.2.361
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19275991&dopt=Abstract
https://www.cs.jhu.edu/~mdredze/publications/twitter_health_icwsm_11.pdf
http://europepmc.org/abstract/MED/28736772
http://dx.doi.org/10.1109/BHI.2017.7897311
http://dx.doi.org/10.1109/ICHI.2013.47
http://dx.doi.org/10.1145/2487788.2488172
http://dx.doi.org/10.1145/1964858.1964874
http://dx.doi.org/10.1371/currents.outbreaks.90b9ed0f59bae4ccaa683a39865d9117
http://dx.doi.org/10.1371/currents.outbreaks.90b9ed0f59bae4ccaa683a39865d9117
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25642377&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0019467
http://dx.doi.org/10.1371/journal.pone.0019467
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21573238&dopt=Abstract
http://dx.doi.org/10.1109/CIP.2010.5604088
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Daughton & Paul

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Brownstein JS, Freifeld CC, Chan EH, Keller M, Sonricker AL, Mekaru SR, et al. Information technology and global
surveillance of cases of 2009 HIN1 influenza. N Engl J Med 2010 May 6;362(18):1731-1735 [FREE Full text] [doi:
10.1056/NEJM sr1002707] [Medline: 20445186]

Generous N, Fairchild G, Deshpande A, del Valle SY, Priedhorsky R. Global disease monitoring and forecasting with
Wikipedia. PLoS Comput Biol 2014 Nov;10(11):€1003892 [ FREE Full text] [doi: 10.1371/journal.pchi.1003892] [Medline:
25392913]

Gomide J, Veloso A, MeiraW. Dengue Surveillance Based on a Computational Model of Spatio-temporal Locality of
Twitter. In: Proceedings of the 3rd International Web Science Conference. 2011 Presented at: WebSci'11; June 15-17, 2011;
Kablenz, Germany.

Carneiro HA, Mylonakis E. Google trends: aweb-based tool for real-time surveillance of disease outbreaks. Clin Infect
Dis 2009 Nov 15;49(10):1557-1564 [FREE Full text] [doi: 10.1086/630200] [Medline: 19845471]

Wilson M. Travel and the emergence of infectious diseases. Emerg Infect Dis 1995;1(2):39-46 [FREE Full text] [doi:
10.3201/€id0102.952001] [Medline: 8903157]

Ni S, Weng W. Impact of travel patterns on epidemic dynamics in heterogeneous spatial metapopulation networks. Phys
Rev E Stat Nonlin Soft Matter Phys 2009 Jan; 79(1 Pt 2):016111. [doi: 10.1103/PhysRevE.79.016111] [Medline: 19257111]
Brady OJ, Gething PW, Bhatt S, Messina JP, Brownstein JS, Hoen AG, et al. Refining the global spatial limits of dengue
virus transmission by evidence-based consensus. PLoS Negl Trop Dis 2012;6(8):e1760 [FREE Full text] [doi:
10.137V/journal.pntd.0001760] [Medline: 22880140]

Weaver S, CostaF, Garcia-Blanco M, Ko Al, Ribeiro GS, Saade G, et a. Zikavirus: history, emergence, biology, and
prospectsfor control. Antiviral Res 2016 Dec;130:69-80 [FREE Full text] [doi: 10.1016/j.antiviral.2016.03.010] [Medline:
26996139

Patterson J, Sammon M, Garg M. Dengue, Zika and Chikungunya: emerging arbovirusesin the New World. West J Emerg
Med 2016 Nov;17(6):671-679 [FREE Full text] [doi: 10.5811/westjem.2016.9.30904] [Medline: 27833670]

Kindhauser M, Allen T, Frank V, Santhana RS, Dye C. Zika: the origin and spread of a mosqguito-borne virus. Bull World
Health Organ 2016 Sep 1;94(9):675-86C [FREE Full text] [doi: 10.2471/BLT.16.171082] [Medline: 27708473]

PAHO. Pan American Health Organization. 2017. Zika Cumulative Cases URL : http://www.webcitation.org/74avyZugu
[accessed 2017-11-02] [WebCite Cache ID 74avyZugu]

Moghadas SM, Shoukat A, Espindola AL, Pereira RS, Abdirizak F, Laskowski M, et al. Asymptomatic transmission and
the dynamics of Zikainfection. Sci Rep 2017 Jul 19;7(1):5829 [FREE Full text] [doi: 10.1038/s41598-017-05013-9]
[Medline: 28724972]

ParraB, Lizarazo J, Jiménez-Arango JA, Zea-Vera AF, Gonzalez-Manrique G, Vargas J, et a. Guillain-Barré syndromea
associated with Zikavirus infection in Colombia. N Engl JMed 2016 Dec 20;375(16):1513-1523. [doi:

10.1056/NEJM 0a1605564] [Medline: 27705091]

Melo AS, Malinger G, Ximenes R, Szejnfeld PO, Sampaio S, de Filippis AM. Zikavirusintrauterine infection causes fetal
brain abnormality and microcephaly: tip of the iceberg? Ultrasound Obstet Gynecol 2016 Jan;47(1):6-7 [FREE Full text]
[doi: 10.1002/u0g.15831] [Medline: 26731034]

Mlakar J, KorvaM, Tul N, Popovi¢ M, PoljSak-Prijatelj M, Mraz J, et al. Zika virus associated with microcephaly. N Engl
JMed 2016 Mar 10;374(10):951-958. [doi: 10.1056/NEJM 0a1600651] [Medline: 26862926]

Menal, Nelson M1, Quezada-Monroy F, Dutta J, Cortes-Fernandez R, Lara-Puente JH, et a. Origins of the 2009 HIN1
influenza pandemicin swinein Mexico. Elife 2016 Dec 28;5:€16777 [FREE Full text] [doi: 10.7554/el ife.16777] [Medline:
27350259]

Bajardi P, Poletto C, Ramasco JJ, Tizzoni M, Colizza V, Vespignani A. Human mobility networks, travel restrictions, and
the global spread of 2009 H1N1 pandemic. PLoS One 2011 Jan 31;6(1):e16591 [FREE Full text] [doi:

10.1371/journal .pone.0016591] [Medline: 21304943]

Grais RF, Ellis JH, Glass GE. Assessing the impact of airline travel on the geographic spread of pandemic influenza. Eur
JEpidemiol 2003;18(11):1065-1072. [Medline: 14620941]

Huizer YL, Swaan CM, Leitmeyer KC, Timen A. Usefulness and applicability of infectious disease control measuresin
air travel: areview. Travel Med Infect Dis 2015;13(1):19-30. [doi: 10.1016/j.tmaid.2014.11.008] [Medline: 25498904]
LaRocque RC, Jentes ES. Health recommendations for international travel: areview of the evidence base of travel medicine.
Curr Opin Infect Dis 2011 Oct;24(5):403-409. [doi: 10.1097/QCO.0b013e32834alaef] [Medline: 21788892]

McGough SF, Brownstein JS, Hawkins JB, Santillana M. Forecasting Zika incidence in the 2016 Latin America outbreak
combining traditional disease surveillance with search, social media, and news report data. PLoS Negl Trop Dis 2017
Jan;11(1):e0005295 [FREE Full text] [doi: 10.1371/journal.pntd.0005295] [Medline: 28085877]

Stefanidis A, Vraga E, Lamprianidis G, Radzikowski J, Delamater PL, Jacobsen KH, et al. Zikain Twitter: temporal
variations of locations, actors, and concepts. IMIR Public Health Surveill 2017 Apr 20;3(2):e22 [EREE Full text] [doi:
10.2196/publichealth.6925] [Medline; 28428164]

Miller M, Banerjee T, Muppalla R, Romine W, Sheth A. What are people tweeting about Zika? An exploratory study
concerning its symptoms, treatment, transmission, and prevention. IMIR Public Health Surveill 2017 Jun 19;3(2):e38
[FREE Full text] [doi: 10.2196/publichealth.7157] [Medline: 28630032]

https://www.jmir.org/2019/5/€13090/ JMed Internet Res 2019 | vol. 21 | iss. 5 | €13090 | p. 14

(page number not for citation purposes)


http://europepmc.org/abstract/MED/20445186
http://dx.doi.org/10.1056/NEJMsr1002707
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20445186&dopt=Abstract
http://dx.plos.org/10.1371/journal.pcbi.1003892
http://dx.doi.org/10.1371/journal.pcbi.1003892
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25392913&dopt=Abstract
http://www.cid.oxfordjournals.org/cgi/pmidlookup?view=long&pmid=19845471
http://dx.doi.org/10.1086/630200
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19845471&dopt=Abstract
http://europepmc.org/abstract/MED/8903157
http://dx.doi.org/10.3201/eid0102.952001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8903157&dopt=Abstract
http://dx.doi.org/10.1103/PhysRevE.79.016111
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19257111&dopt=Abstract
http://dx.plos.org/10.1371/journal.pntd.0001760
http://dx.doi.org/10.1371/journal.pntd.0001760
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22880140&dopt=Abstract
http://europepmc.org/abstract/MED/26996139
http://dx.doi.org/10.1016/j.antiviral.2016.03.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26996139&dopt=Abstract
http://europepmc.org/abstract/MED/27833670
http://dx.doi.org/10.5811/westjem.2016.9.30904
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27833670&dopt=Abstract
http://www.scielosp.org/scielo.php?script=sci_arttext&pid=BLT.16.171082&lng=en&nrm=iso&tlng=en
http://dx.doi.org/10.2471/BLT.16.171082
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27708473&dopt=Abstract
http://www.webcitation.org/74avyZugu
http://www.webcitation.org/

                                            74avyZugu
http://dx.doi.org/10.1038/s41598-017-05013-9
http://dx.doi.org/10.1038/s41598-017-05013-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28724972&dopt=Abstract
http://dx.doi.org/10.1056/NEJMoa1605564
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27705091&dopt=Abstract
https://doi.org/10.1002/uog.15831
http://dx.doi.org/10.1002/uog.15831
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26731034&dopt=Abstract
http://dx.doi.org/10.1056/NEJMoa1600651
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26862926&dopt=Abstract
https://doi.org/10.7554/eLife.16777
http://dx.doi.org/10.7554/eLife.16777
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27350259&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0016591
http://dx.doi.org/10.1371/journal.pone.0016591
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21304943&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14620941&dopt=Abstract
http://dx.doi.org/10.1016/j.tmaid.2014.11.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25498904&dopt=Abstract
http://dx.doi.org/10.1097/QCO.0b013e32834a1aef
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21788892&dopt=Abstract
http://journals.plos.org/plosntds/article?id=10.1371/journal.pntd.0005295
http://dx.doi.org/10.1371/journal.pntd.0005295
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28085877&dopt=Abstract
http://publichealth.jmir.org/2017/2/e22/
http://dx.doi.org/10.2196/publichealth.6925
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28428164&dopt=Abstract
http://publichealth.jmir.org/2017/2/e38/
http://dx.doi.org/10.2196/publichealth.7157
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28630032&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Daughton & Paul

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.
58.

59.

SharmaM, Yadav K, Yadav N, Ferdinand KC. Zikavirus pandemic-analysis of Facebook asasocial mediahealth information
platform. Am JInfect Control 2017 Mar 1;45(3):301-302. [doi: 10.1016/].8jic.2016.08.022] [Medline: 27776823]

Ghenai A, Mgjova Y. Catching Zika Fever: Application of Crowdsourcing Machine Learning for Tracking Health
Misinformation on Twitter. 2017 Presented at: IEEE International Conference on Healthcare Informatics (ICHI); August
23-26, 2017; Park City, UT p. 518. [doi: 10.1109/ICHI.2017.58]

Gui X, Kou Y, Pine K, Chen Y. Managing Uncertainty: Using Social Mediafor Risk Assessment during a Public Health
Crisis. In: Proceedings of the 2017 CHI Conference on Human Factorsin Computing Systems. 2017 Presented at: CHI'17;
May 2017; Denver, CO p. 4520-4533 URL : _https://dl.acm.org/citation.cfm?id=3025891 [doi: 10.1145/3025453.3025891]
Seltzer EK, Horst-Martz E, Lu M, Merchant RM. Public sentiment and discourse about Zika virus on Instagram. Public
Hesalth 2017 Sep;150:170-175. [doi: 10.1016/j.puhe.2017.07.015] [Medline: 28806618]

Fauci A, Morens D. Zikavirusin the Americas--yet another Arbovirusthreat. N Engl JMed 2016 Feb 18;374(7):601-604.
[doi: 10.1056/NEJM p1600297] [Medline: 26761185]

Moran K, Fairchild G, Generous N, Hickmann K, Osthus D, Priedhorsky R, et al. Epidemic forecasting is messier than
weather forecasting: the role of human behavior and internet data streams in epidemic forecast. J Infect Dis 2016 Dec
1;214(suppl_4):S404-3408 [FREE Full text] [doi: 10.1093/infdig/jiw375] [Medline: 28830111]

Meloni S, PerraN, Arenas A, Gémez S, Moreno Y, Vespignani A. Modeling human mobility responsesto the large-scale
spreading of infectious diseases. Sci Rep 2011 Aug 12;1(1):1-7. [doi: 10.1038/srep00062]

Daughton A, Pruss D, Arnot B. Characteristics of Zika behavior discourse on Twitter. 2017 Presented at: AMIA Workshop
on Social MediaMining for Health Applications; November 2017; Washington, DC URL : https://pdfs.semanticscholar.org/
6a65/3d92e43258092a851839d5106e6da904564bd. pdf

Rizoiu M, Graham T, Zhang R. DEBATENIGHT: The Role and Influence of Socialbots on Twitter During the First 2016
U.S. Presidential Debate. 2018 Presented at: International AAAI Conference on Web and Social Media; June 2018; Stanford,
CA URL: https://arxiv.org/pdf/1802.09808.pdf

Saha K, Weber I, De Choudhury M. A Social Media Based Examination of the Effects of Counseling Recommendations
After Student Deaths on College Campuses. 2018 Presented at: International AAAI Conference on Web and Social Medig;
June 25-28, 2018; Stanford, CA.

Olteanu A, Castillo C, Boy J, Varshney K. The Effect of Extremist Violence on Hateful Speech Online. 2018 Presented at:
International AAAI Conference on Web and Social Media; June 25-28, 2018; Stanford, CA URL: https.//arxiv.org/pdf/
1804.05704.pdf

Tay Y, TuanL, Hui S. COUPLENET: Paying Attention to Coupleswith Coupled Attention for Relationship Recommendation.
2018 Presented at: International AAAI Conference on Web and Social Media; June 25-28, 2018; Stanford, CA.

El Sherief M, Kulkarni V, Nguyen D. Hate Lingo: A Target-based Linguistic Analysis of Hate Speech in Socia Media.
2018 Presented at: International AAAI Conference on Web and Social Media; June 25-28, 2018; Stanford, CA URL.: https:/
[arxiv.org/pdf/1804.04257.pdf

Wikipedia. 2018. Major Airlinesof the United States URL : https.//en.wikipedia.org/wiki/Major_airlines of the United States
[accessed 2018-12-11] [WebCite Cache ID 74avc9J8f]

Skyscanner. Airlinesto South America URL : https://www.skyscanner.com/flights-to/s/airlines-to-south-america.html
[accessed 2018-12-11] [WebCite Cache ID 74avicPPz]

Pedregosa F, Varogquaux G, Gramfort A. Scikit-learn: machine learning in Python. JMach Learn Res 2011;12:2825-2830
[EREE Full text]

Lamb A, Paul M, Dredze M. Separating fact from fear: tracking flu infections on Twitter. 2013 Presented at: Conference
of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies; June
2013; Atlanta, GA p. 789-795.

Kotsiantis S. Supervised Machine Learning: A Review of Classification Techniques. 2007 Presented at: Conference on
Emerging Artificial Intelligence Applicationsin Computer Engineering: Real Word Al Systems with Applicationsin
eHealth, HCI, Information Retrieval and Pervasive Technologies; 2007; Amsterdam, The Netherlands p. 3-24.

Manning C, Raghavan P, Schiitze H. Introduction to Information Retrieval. New York: Cambridge University Press; 2008.
Efron B. Bootstrap methods: another look at the jackknife. Ann Stat 1979;7(1):26 [FREE Full text]

Efron B, Tibshirani RJ. An Introduction to the Bootstrap. Boca Raton, FL: Chapman & Hall; 1993.

Daughton A, Paul M. Constructing Accurate Confidence Intervals when Aggregating Social Media Data for Public Health
Monitoring. 2019 Presented at: AAAI International Workshop on Health Intelligence (W3PHIALI); January 2019; Honolulu,
HI URL: https://cmci.col orado.edu/~mpaul /files’w3phiai19_confidence

Roesdlein J. Tweepy. 2009. URL : http://docs.tweepy.org/en/v3.5.0/ [accessed 2019-04-25] [WebCite Cache D 77u3J5TU6]
Likos A, Griffin 1, Bingham A, Stanek D, Fischer M, White S, et al. Local mosquito-borne transmission of Zika
virus—Miami-Dade and Broward Counties, Florida, June-August 2016. MMWR Morb Mortal Wkly Rep 2016 Sep
30;65(38):1032-1038 [FREE Full text] [doi: 10.15585/mmwr.mm6538el] [Medline: 27684836]

AdamsL, Bello-Pagan M, Lozier M, Ryff KR, Espinet C, Torres J, et al. Update: ongoing Zika virus transmission - Puerto
Rico, November 1, 2015-July 7, 2016. MMWR Morb Mortal Wkly Rep 2016 Aug 5;65(30):774-779 [FREE Full text] [doi:
10.15585/mmwr.mm6530el] [Medline: 27490087]

https://www.jmir.org/2019/5/€13090/ JMed Internet Res 2019 | vol. 21 |iss. 5| €13090 | p. 15

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.ajic.2016.08.022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27776823&dopt=Abstract
http://dx.doi.org/10.1109/ICHI.2017.58
https://dl.acm.org/citation.cfm?id=3025891
http://dx.doi.org/10.1145/3025453.3025891
http://dx.doi.org/10.1016/j.puhe.2017.07.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28806618&dopt=Abstract
http://dx.doi.org/10.1056/NEJMp1600297
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26761185&dopt=Abstract
http://europepmc.org/abstract/MED/28830111
http://dx.doi.org/10.1093/infdis/jiw375
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28830111&dopt=Abstract
http://dx.doi.org/10.1038/srep00062
https://pdfs.semanticscholar.org/6a65/3d92e43258092a51839d5106e6da904564bd.pdf
https://pdfs.semanticscholar.org/6a65/3d92e43258092a51839d5106e6da904564bd.pdf
https://arxiv.org/pdf/1802.09808.pdf
https://arxiv.org/pdf/1804.05704.pdf
https://arxiv.org/pdf/1804.05704.pdf
https://arxiv.org/pdf/1804.04257.pdf
https://arxiv.org/pdf/1804.04257.pdf
https://en.wikipedia.org/wiki/Major_airlines_of_the_United_States
http://www.webcitation.org/

                                            74avc9J8f
https://www.skyscanner.com/flights-to/s/airlines-to-south-america.html
http://www.webcitation.org/

                                            74avlcPPz
https://scikit-learn.org/stable/
https://projecteuclid.org/download/pdf_1/euclid.aos/1176344552
https://cmci.colorado.edu/~mpaul/files/w3phiai19_confidence
http://docs.tweepy.org/en/v3.5.0/
http://www.webcitation.org/

                                            77u3J5TU6
https://dx.doi.org/10.15585/mmwr.mm6538e1
http://dx.doi.org/10.15585/mmwr.mm6538e1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27684886&dopt=Abstract
https://dx.doi.org/10.15585/mmwr.mm6530e1
http://dx.doi.org/10.15585/mmwr.mm6530e1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27490087&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Daughton & Paul

60.

61.

62.

63.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.
77.

Maurer-Stroh S, Mak T, Ng Y, Phuah SP, Huber RG, Marzinek JK, et al. South-east Asian Zikavirus strain linked to cluster
of casesin Singapore, August 2016. Euro Surveill 2016 Sep 22;21(38):- [FREE Full text] [doi:
10.2807/1560-7917.ES.2016.21.38.30347] [Medline: 27684526]

Dredze M, Paul M, Bergsma S, Tran H. Carmen: A Twitter Geolocation System with Applications to Public Health. 2013
Presented at: AAAI 2013 Workshop; July 14-15, 2013; Bellevue, WA p. 20-24 URL : https://pdfs.semanticscholar.org/
9bc4/6fb12f 2c7fac0e9e56e734e6efb9cal7fd98. pdf

KnowlesR, Carroll J, Dredze M. Demographer: Extremely Simple Name Demographics. 2016 Presented at: 2016 EMNLP
Workshop on Natural Language Processing and Computational Social Science; November 5, 2016; Austin, TX p. 108-113
URL: https.//www.aclweb.org/anthology/W16-5614

Pennebaker J, Booth R, Francis M. Linguistic Inquiry and Word Count: LIWC2007. Austin, TX: LIWC.net; 2007. URL:
http://liwc.wpengine.com/ [accessed 2019-04-28] [WebCite Cache ID 77zDCBZpw]

Velasco E, Agheneza T, Denecke K, Kirchner G, Eckmanns T. Social media and internet-based datain global systems for
public health surveillance: a systematic review. Milbank Q 2014 Mar;92(1):7-33 [FREE Full text] [doi:
10.1111/1468-0009.12038] [Medline: 24597553]

O'Dowd A. Infectious diseases are spreading more rapidly than ever before, WHO warns. Br Med J2007 Sep 1;335(7617):418
[FREE Full text] [doi: 10.1136/bmj.39318.516968.DB] [Medline: 17762021]

Whittemore K, Tate A, lllescas A, SaffaA, Collins A, Varma JK, et al. Zika virus knowledge among pregnant women who
were in areas with active transmission. Emerg Infect Dis 2017 Dec;23(1):164-166 [FREE Full text] [doi:
10.3201/eid2301.161614] [Medline: 27855041]

Chandrasekaran N, MarottaM, Taldone S, Curry C. Perceptions of community risk and travel during pregnancy in an area
of Zikatransmission. Cureus 2017 Jul 26;9(7):e1516 [FREE Full text] [doi: 10.7759/cureus.1516] [Medline: 28959511]
Mislove A, Lehmann S, Ahn Y, Onnela J, Rosenquist J. Understanding the demographics of Twitter users. 2011 Presented
at: International Conference on Weblogs and Social Media; July 2011; Barcelona, Spain URL : https://www.aaai.org/ocs/
index.php/ICWSM/ICWSM 11/paper/view/2816

De Choudhury M, Gamon M, Counts S, Horvitz E. Predicting Depression via Social Media. 2014 Presented at: International
Conference on Weblogs and Socia Media; June 2014; Ann Arbor, MI.

Funk S, Salathé M, Jansen V. Modelling the influence of human behaviour on the spread of infectious diseases: areview.
JR Soc Interface 2010 Sep 6;7(50):1247-1256 [FREE Full text] [doi: 10.1098/rsif.2010.0142] [Medline: 20504800]

Lau J, Yang X, Pang E, Tsui HY, Wong E, Wing YK. SARS-related perceptions in Hong Kong. Emerg Infect Dis 2005
Mar;11(3):417-424 [FREE Full text] [doi: 10.3201/eid1103.040675] [Medline: 15757557]

Salathé M, Bonhoeffer S. The effect of opinion clustering on disease outbreaks. JR Soc I nterface 2008 Dec 6;5(29):1505-1508
[FREE Full text] [doi: 10.1098/rsif.2008.0271] [Medline: 18713723]

Forman G. Quantifying counts and costs via classification. Data Min Knowl Disc 2008 Jun 10;17(2):164-206. [doi:
10.1007/s10618-008-0097-y]

Snow R, O'Connor B, Jurafsky D, Ng A. Cheap and Fast -- but is It Good?val uating Non-expert Annotations for Natural
Language Tasks. In: Proceedings of the Conference on Empirical Methodsin Natural Language Processing. 2008 Presented
at: EMNLP08; October 25-27, 2008; Honolulu, HI p. 254-263.

Shipman S, Lan J, Chang C, Goodman D. Geographic maldistribution of primary care for children. Pediatrics 2011
Jan;127(1):19-27. [doi: 10.1542/peds.2010-0150] [Medline: 21172992]

Gilman SL. Moral panic and pandemics. Lancet 2010 May;375(9729):1866-1867. [doi: 10.1016/S0140-6736(10)60862-8]
Daughton AR, Paul MJ, Chunara R. What do people tweet when they’re sick? A preliminary comparison of symptom
reports and Twitter timelines. In: ICWSM Workshop on Social Media and Health. 2018.

Abbreviations

API: application programming interface

HHS: US Department of Health and Human Services
LIWC: Linguistic Inquiry Word Count

NPV: negative predictive value

NY: New York

PAHO: Pan American Health Organization

PPV: positive predictive value

RQ: research question

WHO: World Health Organization

https://www.jmir.org/2019/5/€13090/ JMed Internet Res 2019 | vol. 21 |iss. 5| €13090 | p. 16

(page number not for citation purposes)


http://www.eurosurveillance.org/ViewArticle.aspx?ArticleId=22588
http://dx.doi.org/10.2807/1560-7917.ES.2016.21.38.30347
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27684526&dopt=Abstract
https://pdfs.semanticscholar.org/9bc4/6fb12f2c7fae0e9e56e734e6efb9ca07fd98.pdf
https://pdfs.semanticscholar.org/9bc4/6fb12f2c7fae0e9e56e734e6efb9ca07fd98.pdf
https://www.aclweb.org/anthology/W16-5614
http://liwc.wpengine.com/
http://www.webcitation.org/

                                            77zDCBZpw
http://europepmc.org/abstract/MED/24597553
http://dx.doi.org/10.1111/1468-0009.12038
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24597553&dopt=Abstract
http://europepmc.org/abstract/MED/17762021
http://dx.doi.org/10.1136/bmj.39318.516968.DB
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17762021&dopt=Abstract
https://dx.doi.org/10.3201/eid2301.161614
http://dx.doi.org/10.3201/eid2301.161614
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27855041&dopt=Abstract
http://europepmc.org/abstract/MED/28959511
http://dx.doi.org/10.7759/cureus.1516
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28959511&dopt=Abstract
https://www.aaai.org/ocs/index.php/ICWSM/ICWSM11/paper/view/2816
https://www.aaai.org/ocs/index.php/ICWSM/ICWSM11/paper/view/2816
http://europepmc.org/abstract/MED/20504800
http://dx.doi.org/10.1098/rsif.2010.0142
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20504800&dopt=Abstract
https://www.cdc.gov/ncidod/EID/vol11no03/04-0675.htm
http://dx.doi.org/10.3201/eid1103.040675
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15757557&dopt=Abstract
http://europepmc.org/abstract/MED/18713723
http://dx.doi.org/10.1098/rsif.2008.0271
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18713723&dopt=Abstract
http://dx.doi.org/10.1007/s10618-008-0097-y
http://dx.doi.org/10.1542/peds.2010-0150
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21172992&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(10)60862-8
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Daughton & Paul

Edited by L Tudor Car; submitted 18.12.18; peer-reviewed by A Louren, P Sambaturu, D Broniatowski; commentsto author 20.02.19;
revised version received 18.03.19; accepted 02.04.19; published 13.05.19

Please cite as:

Daughton AR, Paul MJ

Identifying Protective Health Behaviors on Twitter: Observational Study of Travel Advisories and Zika Mirus
J Med Internet Res 2019;21(5):€13090

URL: https://www.jmir.org/2019/5/€13090/

doi: 10.2196/13090

PMID: 31094347

©Ashlynn R Daughton, Michael J Paul. Originally published in the Journal of Medical Internet Research (http://www.jmir.org),
13.05.2019. This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in the Journa of Medica Internet Research, is properly cited. The complete bibliographic
information, alink to the original publication on http://www.jmir.org/, as well as this copyright and license information must be
included.

https://www.jmir.org/2019/5/€13090/ JMed Internet Res 2019 | vol. 21 | iss. 5 | €13090 | p. 17
(page number not for citation purposes)

RenderX


https://www.jmir.org/2019/5/e13090/
http://dx.doi.org/10.2196/13090
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31094347&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

