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Abstract

Background: Existing influenza surveillance in the United States is focused on the collection of data from sentinel physicians
and hospitals; however, the compilation and distribution of reports are usually delayed by up to 2 weeks. With the popularity of
social media growing, the Internet is a source for syndromic surveillance due to the availability of large amounts of data. In this
study, twests, or posts of 140 characters or less, from the website Twitter were collected and analyzed for their potential as
surveillance for seasona influenza.

Objective: Therewerethreeaims: (1) to improve the correlation of tweets to sentinel-provided influenza-like illness (1L 1) rates
by city through filtering and a machine-learning classifier, (2) to observe correlations of tweets for emergency department ILI
rates by city, and (3) to explore correlations for tweets to laboratory-confirmed influenza cases in San Diego.

Methods: Tweets containing the keyword “flu” were collected within a17-mileradius from 11 UScities selected for population
and availability of ILI data. At the end of the collection period, 159,802 tweets were used for correlation analyses with
sentinel-provided ILI and emergency department ILI rates as reported by the corresponding city or county health department.
Two separate methods were used to observe correlations between tweets and I LI rates: filtering the tweets by type (non-retweets,
retweets, tweetswith aURL, tweets without aURL ), and the use of a machine-learning classifier that determined whether atweet
was “valid”, or from auser who was likely ill with the flu.

Results: Correlations varied by city but general trends were observed. Non-retweets and tweets without a URL had higher and
more significant (P<.05) correlations than retweets and tweets with a URL. Correlations of tweets to emergency department ILI
rates were higher than the correlations observed for sentinel-provided ILI for most of the cities. The machine-learning classifier
yielded the highest correlations for many of the cities when using the sentinel-provided or emergency department ILI aswell as
the number of laboratory-confirmed influenza cases in San Diego. High correlation values (r=.93) with significance at P<.001
were observed for |aboratory-confirmed influenza cases for most categories and tweets determined to be valid by the classifier.

Conclusions. Compared to tweet analysesin the previous influenza season, this study demonstrated increased accuracy in using

Twitter asasupplementary surveillancetool for influenzaas better filtering and classification methodsyielded higher correlations
for the 2013-2014 influenza season than those found for tweets in the previous influenza season, where emergency department
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ILI rates were better correlated to tweets than sentinel-provided ILI rates. Further investigations in the field would require
expansion with regard to the location that the tweets are collected from, as well as the availability of more ILI data.

(J Med Internet Res 2014;16(11):€250) doi: 10.2196/jmir.3532
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Introduction

Overview

Surveillance systemsthat arein place by the Centersfor Disease
Control and Prevention (CDC) and through state surveillance
have the potential to reduce morbidity and mortality due to a
disease and to improve health; however, their usefulness has
not been established [1]. Traditionally, surveillance for disease
incidence and prevalence is ongoing and systematic, generally
relying on laboratory-confirmed cases, asreported by aclinical
physician, laboratory, or emergency department. Between the
reporting of cases and compiling of data into surveillance
reports, atime delay of 1to 2 weeksis often present, impacting
the response of health departments to a possible outbreak.

Thelnternet’s potential asasource of public health information
has not been overlooked in the past decade. It has been
hypothesized that the routine use of informal electronic
information, typically user-generated, can reduce the time
needed to recognize an outbreak, prevent governments from
suppressing outbreak information, and facilitate public health
interventions[2]. With theincreasing popularity of social media
websites and people publicly sharing many aspects of their days,
syndromic surveillance systems, which rely on the use of
real-time data in order to provide quick analysis and feedback
for a potential outbreak, now have a new source of data [3].
Infodemiology, where user-generated data on Internet-based
venues has allowed for the possibility to mine, aggregate, and
analyze text to inform public health practitioners and public
policy, isan emerging field that has applicationstoward disease
outbreak detection [4]. Infoveillance, where information gleaned
frominfodemiology isused asamethod of surveillance[4], can
be used to enhance syndromic surveillance and can be applied
to influenza activity.

Among vaccine-preventable illnesses, seasona influenza in
adults hasthe greatest impact in the United States [5]. Although
it has similar symptomsto the common cold, infection with the
influenza virus can lead to symptoms ranging in severity and
can lead to death in susceptible persons [6]. Financidly, the
annual national economic burden of influenza attributable to
adults can amount to US $83.3 billion according to astudy from
2007 [7]. While the ever-changing nature of influenza viruses
enables new sources of the flu season every year, predictions
of the onset of infections and the number of people affected are
nearly impossible to make with traditional surveillance methods.
Through the implementation of a supplementary surveillance
tool focused on real-time trends gathered from social mediaand
thefast release of that data, public health agencies may be better
prepared and ableto stifle apotentially debilitating outbreak in
acommunity.

http://www.jmir.org/2014/11/e250/
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More recent disease surveillance websites are Web application
hybrids that are capable of mining, categorizing, filtering, and
visualizing epidemic information while using geographic
information systems (GIS) in real time so that delays are
minimized and updates are constant [8-14]. HeathMap,
organized by the Children’s Hospital of Boston, has between
1000 and 150,000 users daily and provides rea-time updates
for public health reportsrelated to all types of outbreaks across
the world in many languages [2]. Social media on the Internet
has also identified foodborne-illness outbreaks faster than
traditional methods as many of those affected opt to not seek
medical attention and instead post their symptoms online [15].
Google Flu Trends collectsthe 50 million most common search
gueriesin Google asthey relateto flu symptoms, remedies, and
complications and compares them with the CDC's reported
national influenza-like illness (IL1) rates [16]. The benefits of
using the Internet are multiple as these Internet tools could aid
public health officials to underscore the importance of
vaccination and prevention measures, or guide physicians in
their medical decision making [2]. However, the lack of
specificity of signals, noisy data, false reports, and unusual
events like drug recalls or popular cold or flu remedies can
overload thetool with irrelevant datathat can lead to inaccuracy
during analysis[2].

Twitter, a microblogging site where users generate tweets, or
texts of 140 characters or less, has already shown its value in
forecasting box-office revenues, earthquake reporting, meme
tracking, large-scale fire emergencies, downtime on services,
live traffic updates, national moods, currency trading [17], and
even glection results[18]. The real-time updates on Twitter are
useful for avariety of fields—whether to increase knowledge,
predict consumer trends, or to determine what users are
discussing in general. For example, researchersat the University
of Michigan were able to use Twitter as a tool to understand
the effects of a migraine in real-time by collecting tweets and
categorizing them by prevalence, life-style impact, linguistic,
and timeline of the self-reported migraine headache, finding
that the study avoided memory bias and experimenter-induced
error, and highlighted migraine colloquialisms as they related
to modern characteristics and descriptions used by migraine
sufferers[19].

Multiple studies have been done to find correlations between
tweetsand LI data, however the searches tend to be very wide.
One study analyzed over 500 million tweets from an 8-month
period and found that tracking a small number of flu-related
keywords and combinations of keywords allowed forecasting
of future rates with a 95% correlation [20]. Signorini et a aso
found that Twitter can be used descriptively, as a way to
ascertain users' interests and concerns related to influenza, and
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can capture real-time disease activity [21]. During theinfluenza
A (HIN1) pandemic, hundreds of thousands of tweets were
collected in the United Kingdom over a period of 24 weeksto
search for symptom-related statements[22]. The method proved
to beinexpensive aswell astimely by utilizing astream of data
created within only afew hourswhereastraditional surveillance
would take 1 to 2 weeks to release a report; however, it was
determined that it would be necessary to separate media hype
and discussion from reporting of actua flu casesif the goal is
to use Twitter as a predictive tool for influenza[22]. Chew and
Eysenbach reached similar conclusions after performing content
analysisfrom tweets during the 2009 H1N1 outbreak and found
that over 90% of their tweets were linked to mainstream and
local newswebsites, but the proportion that were linked to more
opinion-based or experience-based sites (blogs, socia networks,
web pages) also increased over the time of collection [23].

Objectives

This study builds on previous exploratory research conducted
by the Department of Geography at San Diego State University
that demonstrated that the content of social media messages
and searches was correlated with actual surveillance reports of
influenza in the 2012-2013 US influenza season [24]. The
objectives of this study were threefold. The first objective was
to investigate the ability to improve the correlation of Twitter
social media content with traditional sentinel ILI surveillance
reports by using a machinelearning classifier and
keyword-based search techniques to filter tweets to make them
more “valid”. Second, we sought to compare mentions of
influenzain social media content to emergency department ILI
records, and third, to do a small pilot study comparing tweets
related to influenzato laboratory-confirmed influenza casesin
San Diego, California. Unlike previous research with Twitter
and influenza surveillance, our study is unique in that we
compared | LI rates from specific citiesto tweets that contained
theword “flu” that originated from that respective city, thereby
focusing on city-specific correlations. By comparing tweets
from acity with the city-specific ILI rates, we are able to view
trends in the spread of influenza on a much smaller scale than
in previous studies.

Methods

Data Collection

Using a geo-targeted social media search tool created by Tsou
et al [18], information mining can be conducted in conjunction
with the Twitter Search Application Programming Interface
(API). With over 200 million active users, Twitter is a large
resource of publicly available data in the form of millions of
tweets. By first specifying a keyword, the research group’s
frameworks in combination with the Twitter APl yield a
Microsoft Excel spreadsheet of tweetsthat originate from within
acertain geographical location (determined by the user’sglobal
positioning system coordinates, if enabled, or listed hometown)
and are associated with the keyword either through the text of
the tweet, or the username. The spreadsheet also includes
additional dataincludetime of tweet creation, location of origin,
who the tweet was directed to if it was part of a conversation,
the number of followers, and people following the user who
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tweeted, as well as the number of total tweets of that user. Of
interest to this study were the tweet text and the geographic
location of the tweet was posted.

Based on our previous study indicating that non-retweets and
tweetswithout a URL containing the keyword “flu” were much
more highly correlated with sentinel influenza surveillance than
other words such as “influenza’ [24], tweets that contained the
keyword “flu” were collected and aggregated once every 7 days
starting on August 25, 2013 and ending on March 1, 2014.
Tweets were collected from userswho resided within a17-mile
radius from the center of 11 different cities (Boston, Chicago,
Cleveland, Columbus, Denver, Detroit, Fort Worth,
Nashville-Davidson, New York, San Diego, and Seattle). Tweets
were collected from a 17-mile radius as it was the minimum
distance between two neighboring cities, thus ensuring there
were no tweets that could have overlapped in their city of
origination. These cities were chosen for their availability of
sentingl influenza-likeillness (ILI) surveillance dataeither from
the city or county health department. An influenza-like illness
isdefined asafever equal to or greater than 100° F and acough
and/or sore throat in the absence of a known cause other than
theinfluenzavirus. ThelL isreported asthe percent of patients
seen for ILI symptoms compared to all patient visits for the
week [25]. Because the CDC does not report IL1 data below the
statelevel, ILI reports were found on either county or city level
health department websites and for San Diego, through a contact
at the County of San Diego Health and Human Services Agency.
For a subset of five cities (Boston, Chicago, Cleveland,
Columbus, and San Diego), both sentinel IL1 and emergency
department ILI were collected.

At the end of the collection period, 159,802 tweets contained
the word “flu” and were used for filtering and analysis.
Depending on when LI databecame available by city, thefocus
was on tweets from Week 40 in 2013 through Week 9 in 2014
(the week starting on September 29, 2013 to the week ending
on March 1, 2014), as determined by the CDC's Morbidity
Mortality Weekly Report (MMWR). Correlations and
significance of correlation values between the weekly number
of yielded tweets and the weekly sentinel ILI or emergency
department ILI asreported by the corresponding city or county
department were cal cul ated.

Analysis

Pearson’s correlation coefficients for the association between
week-specific tweet volume and influenza-likeillnessrateswere
caculated in R (R Foundation for Statistical Computing, Vienna,
Austrig, version 3.0.0) for each of thecitiesfor tweets containing
“flu.” Tweetswere al so subdivided into non-retweets, retweets,
tweetswithout aURL, and tweetswith aURL. These categories
were not mutually exclusive, for instance, non-retweets could
contain tweets that had a URL or tweets without a URL. This
was done to determine whether there were higher correlations
based on the type of tweet. Pearson’s correlation coefficients
were performed as an easy way to compare groups of tweets
with the ILI and in order to readily identify tweets that would
be most useful for infoveillance in the future. For each week,
the tweeting rate, or the number of tweets per 100,000
individuals, in each city was also calculated. To determine the
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population of each city that tweets were collected from, census
tractswhose centersfell within the 17-mile radiusfrom the city
center were identified and their population counts summed.
“Flu” tweeting rates were compared weekly for each city and
visualized through bar graphs that also displayed the reported
ILI rate for each week in each city. The goal of scaling by
population was to observe if there would be differing trendsin
flu activity by city.

Separately, a machine-learning classifier was coded in Python
(Python Software Foundation, Delaware, USA, version 2.7.6)
and its “scikit-learn” software. We used a support vector
machine (SVM) classifier to filter out noise from the data set.
To train the classifier, we used 1500 randomly sampled tweets
containing the keyword “flu” from the 2012-2013 season as
inputs. Each of these 1500 training tweets was manually
inspected and tagged as valid or invalid according to the
likelihood that they indicated actual cases of influenza. This
hand-tagged training set was converted to vector representation
using their term-frequency-inverse document frequency
(TF-IDF) scores, which is a measure of the statistical
significance of each term in a text document. These TF-IDF

Adamet a

vectorswere then input to the SVM for training. Tweets posted
by a user whose username contained the word “flu” were
removed because they were collected regardless of tweet content
and would introduce noise into the sample size. Tweets that
were determined to be representative of a user who was likely
ill with theflu werelabeled asvalid, while other tweetsthat did
not score the minimum were classified as invalid and thereby
eliminated before conducting correlation analyses. Examples
of the types of tweets the algorithm labeled as valid or invalid
arelisted in Table 1.

To evaluate the classifier, we manualy tagged a test set
containing 1000 tweets and ran the classifier to get two
performance measures: recall, the portion of tweets that were
hand-tagged as valid in the test set that were aso correctly
classified as valid by the classifier, and precision, the portion
of classified “valid” tweets that were also manually tagged as
valid. The recall for the classifier was calculated to be 0.9369,
and the precision was 0.6859. Thismeansthat the classifier was
ableto correctly identify most manually tagged valid tweets as
being valid, but it had difficulty identifying invalid tweets and
would mark some as valid.

Table 1. Examples of valid and invalid tweets from the machine-learning classifier.

Tweet text Valid or Invalid
“1 hate being sick with the flu” Valid

“Not agood time to be hit by aflu” Valid

“Been home sick with the flu the last 2 days’ Valid

“Getting my flu shot” Invalid

“Now it's my turn to have the stomach flu. Ugh” Invalid
“Recipes for Foods That Fight The Flu [URL] Invalid

Results

Sentinel-Provided I L1

Weekly ILI rates as reported by sentinel physiciansto city and
county health departments were available for Boston, Chicago,
Cleveland, Columbus, Denver, Detroit, Fort Worth,
Nashville-Davidson, New York, and San Diego. Table 2 shows
correlation coefficients between the sentinel-provided ILI for
each city and the number of weekly tweets containing the
keyword “flu” that originated in each city before filtering and
after filtering for each of the categories of tweets.

Correlationsfor each category of tweets (non-retweets, retweets,
tweetswithout aURL, tweetswith a URL) with sentinel IL1 by
city can be seenin Table 2. Correlationsin the table that had a
significance of P<.05 are denoted with an e superscript. Denver,
Fort Worth, Nashville-Davidson, and San Diego had significant
correlations (P<.001) for each category, including all tweets.
Cleveland and Detroit both had significant correlations for
undivided tweets (Column 1) and all categories with the
exception of retweets (Column 3). New York was the only city
observed to have a significant correlation with all tweets, and
all other categories were shown to have insignificant
correlations. With the exception of Boston and Denver,
non-retweets (Column 2) had higher correlations than retwests.

http://www.jmir.org/2014/11/e250/

Tweetswithout aURL (Column 5) also had ahigher correlation
than tweets with a URL (Column 6) except for Columbus,
Detroit, New York, and San Diego. Column 4 displays the
Fisher's z transformation P vaues for the comparison of
correl ations between non-retweets and retweets, while Column
7 contains the Fisher's z transformation P values for the
comparison of correlations between tweets without a URL and
tweets with a URL . Fisher's z transformations were cal cul ated
to demonstrate whether there was a difference between
categories of tweets.

Table 3 shows the correlations for al tweets, the number of
tweets, P values for the correlations, and then the same
information for the tweets that were labeled as valid by the
Python machine-learning classifier. Using the valid tweets, the
correlations were greater and more significant in 5 cities than
the correlations for all tweets (Column 1). Column 7 in Table
3 contains Fisher’'sztransformation P valuesfor the comparison
of correlations between the undivided tweets and valid tweets.
With the exception of Cleveland, the differences between
correlations were significant (P<.001).

Figure 1 showsavisual representation of the weekly tweet rates
per 100,000 for the valid tweets in each city alongside the
sentinel-provided ILI. The x-axis is the week number, starting
at Week 36 and going through Week 9, with two Y-axes: one
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istweet rate per 100,000 and the other isthe ILI for that week,
often reported as a percentage. Correlations from Table 2 are
listed and bolded if the significance for the correlation was at
P<.05, a ongside the number of valid tweetsfor each city. Tweet
rates are shown in pink and ILI rates in blue. Yellow bars
indicate missing ILI data and were calculated by averaging the
ILI rate from the week before and after the week of missing
data. To ensure better visualization, maximum IL1 ratesfor each
city were rescaled.

Table 2. Correlations between tweets and sentinel-provided IL12 rates?

Adamet a

Trends in valid tweets containing the word “flu”, or tweets
identified to be posted by a user who is likely ill with the flu,
and sentinel-provided ILI are displayed in bar charts for each
city. Tweeting rates are in pink, ILI ratesin blue, and yellow
indicates aweek during which ILI rates were missing. Both of
the tweeting and ILI rates were rescaled for each city in order
to show trends on the same scale to account for differencesin
population. Correlation coefficients between valid tweets and
the sentinel-provided ILI rate as well as the total number of
valid tweets are listed for each city. Significant correlations
(P<.05) are bolded.

1 2. 3. 4, 5. 6. 7. 8.
All Non- Retweets  Fisher'sztransformation® TWeets — Tweets  pigher'sztransformation?  Totd
tweets retweets withouta witha number
URL URL of tweets
r r r P r r P
Boston -.05 -.19 .08 <.001 04 -.13 <.001 17,370
Chicago 33 50 .04 <.001 49° 25 <.001 21,655
Cleveland  .63° 74° 42 <.001 56° 55° 703 6632
Columbus .01 .05 -.06 .019 -.04 .08 .001 3206
Denver 76° 648 748 <.001 81° 63¢ <.001 5706
Detroit 81°¢ 84 A4 <.001 62¢ 78¢ <.001 8417
Fort Worth ~ .69° 73 45° <.001 81° 62° <.001 4755
Nashville-
Davidson a7t 74° 54° <.001 708 .66° <.001 5805
New York A4° 42 .39 <.001 32 44 <.001 64,340
SanDiego  .78° 73F 418 <.001 .69° 73F <.001 8002

4LI: influenza-likeillness

PCorrelation coefficients of all tweets and tweet categories with sentinel-provided IL| rates for each city. Comparisons between tweets and IL1 began
in Weeks 36-49 (weeks starting September 1, 2013 to starting November 24, 2013) as IL| data became available by city and ended in Week 9 (ending

March 1, 2014).

®This column displays the P values from Fisher's z transformation comparing the correlation coefficients of non-retweets to retweets,
%This column di splays the P values from Fisher’s z transformation comparing the correlation coefficients of tweets without a URL to tweets with a

URL.
ESignificant correlation coefficient (P<.05).
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Table 3. Correlations between valid tweets and sentinel-provided ILI12 rates?
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1. 2. 3. 4. 5. 6. 7.

All tweets,  Number of al P-valuefor all Validtweets, Number of P-valuefor valid  Fisher'sztransformation,

r tweets twests r valid tweets  tweets P
Boston -.05 17,370 834 .10 3813 .67 <.001
Chicago .33 21,655 139 .64 5116 .002 <.001
Cleveland .63 7152 .002 .60 1497 .003 .064
Columbus .01 3288 978 -.24 1034 274 <.001
Denver .76 5706 .003 .69 1942 .009 <.001
Detroit 81 8417 .001 .76 2195 <.001 <.001
Fort Worth .69 4755 .001 .85 1236 <.001 <.001
Nashville-David- .77 5805 .001 .83 1630 <.001 <.001
son
New York 44 64,340 .047 .55 12632 .01 <.001
San Diego .78 8002 .001 .88 1808 <.001 <.001

4LI: influenza-likeillness

BCorrelation coefficients between all tweets and valid tweets, asidentified by the machine-learning classifier, with sentinel-provided ILI rates for each
city. Comparisons between tweets and ILI began in Weeks 36-49 (weeks starting September 1, 2013 to starting November 24, 2013) as LI databecame

available by city and ended in Week 9 (ending March 1, 2014).
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Figurel. “Valid” Tweet rates per 100,000 versus sentinel-provided influenza-like illness rates by city, 2013-14 influenza season.

Emergency Department IL| Rates

Emergency department ILI rates were available for six cities:
Boston, Chicago, Cleveland, Columbus, San Diego, and Seattle.
Health departments reported hospital emergency department
ILI rates for every city, with the exception of Boston, where
data was made available through the Boston Public Health
Commission. Table 4 contains the correlations for tweets with
the same tweet categories as Table 2: all tweets, non-retweets
and retweets, tweets without a URL, and tweets with a URL.
In general, non-retweets (Column 2) had higher correlations
than retweets (Column 3), and tweets without a URL (Column
5) had higher correlations than tweets with a URL (Column 6)
when comparing to the emergency department IL| rates of each

http://www.jmir.org/2014/11/e250/
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city. Fisher's z transformations in Column 4 comparing
correlations of non-retweets to retweets and Fisher's z
transformations in Column 7 comparing correlations of tweets
without a URL to tweets with a URL were significant for all
citiesfor which emergency department IL| rateswere available
(P<.05).

Tweets marked as valid by the classifier were more highly
correlated to the emergency department ILI ratesthan all tweets
for al of the cities, as shown in Table 5, with the correlation
for tweets and ILI data increasing from .23 (P=.41) to .61
(P=.02) in Boston alone, and similar increases in correlations
observed in the other five cities. The Fisher’s z transformation
P valuesin Column 7 comparing the correlations of unfiltered
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tweets and valid tweets to the emergency department ILI rates
were all significant (P<.001).
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and the other is the ILI for that week, often reported as a
percentage. Pink columns depict tweet rates per 100,000, blue

columns show ILI rates, and yellow columns indicate an
averaged ILI rate from the week before and the week after a
week for which an emergency department ILI rate was not made
available.

Figure 2 shows a visual representation of available emergency
department IL| datato rescaled valid tweet rates for each city.
The x-axis is the week number, starting at Week 36 and going
through Week 9, with two Y-axes: oneistweet rate per 100,000

Table 4. Correlations between tweet rates and emergency department IL12 rates by ci ty.b

1. 2. 3. 4, 5. 6. 7. 8.
All Non- Retweets Fisher's z transforma- Tweets Tweets Fisher's z transforma- Total
tweets retweets tion® withouta  witha tion® number
URL URL of tweets
r r r P r r P
Boston 23 A7 -.004 <.001 .03 41 <.001 17,370
Chicago 51° 54° 23 <.001 .59°¢ 45° <.001 21,655
Cleveland .68° .87¢ 39 <.001 628 58° .005 7152
Columbus 62° 54 61 018 628 A7 <.001 3288
San Diego .80° 92¢ 408 <.001 .88° 79° <.001 8002
Sesttle 72° 718 67¢ .001 62° 718 <.001 9735

4LI: influenza:likeillness

bCorrelation coefficients of all tweets and tweet categories with emergency department ILI rates for each city. Comparisons between tweets and ILI

began in Weeks 40-41 (weeks starting September 29, 2013 to starting October 6, 2013) as ILI data became available by city and ended in Week 9
(ending March 1, 2014).

®This column displays the P values from Fisher's z transformation comparing the correlation coefficients of non-retweets to retweets.

%This column di splays the P values from Fisher's z transformation comparing the correlation coefficients of tweets without a URL to tweets with a
URL.

Significant correlation coefficient (P<.05).

Table 5. Correlations between valid tweets and emergency department ILI2 rates by ci ty.b

1 2. 3. 4. 5. 6. 7.
All tweets Number of all Al tweets Validtweets  Number of Validtweets  Fisher's z transformation
tweets valid tweets
r P r r P P
Boston .23 17,370 411 .61 3813 .016 <.001
Chicago 51 21,655 .017 .80 5116 <.001 <.001
Cleveland .68 7152 <.001 75 1497 <.001 <.001
Columbus .62 3288 .002 .87 1034 <.001 <.001
San Diego .80 8002 <.001 .88 1808 <.001 <.001
Sedttle .72 9735 <.001 .82 2941 <.001 <.001

4LI: influenza-likeillness

BCorrelation coefficients between al| tweets and valid tweets, as identified by the machine-learning classifier, with emergency department IL| rates for
each city. Comparisons between tweets and ILI began in Weeks 40-41 (weeks starting September 29, 2013 to starting October 6, 2013) as ILI data
became available by city and ended in Week 9 (ending March 1, 2014).
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Figure2. “Valid” Tweet rates per 100,000 versus emergency department influenza-like illness rates by city, 2013-14 influenza season.

Laboratory-Confirmed I nfluenza Casesin San Diego

As a small pilot study, the San Diego Heath and Human
Services Agency was able to provide the number of
laboratory-confirmed influenza cases from Week 40 through
Week 9 of the 2013-2014 flu season. Correlations were
calculated using the number of weekly tweetsin San Diego for

http://www.jmir.org/2014/11/e250/

XSL-FO

RenderX

all tweets and for each of the tweet categories. Table 6 shows
ther correlations for all subdivisions of tweets, along with the
P value for each. All were significant (P<.001) with tweets
marked as valid by the classifier having the highest correlation
value (r=.93), followed by non-retweets, tweetswithout aURL,
and all tweets. Retweets had the lowest correlation value at
r=.40.
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Table 6. Correlations between tweets and number of Iaboratory-confirmed influenza casesin San Diego.?
All All Non-retweet Non- Retweets Retweets  Twesets Tweets Tweets Tweets Valid Valid
tweets tweets retweets withouta withouta witha witha  tweets tweets
URL URL UR URL
r P r P r P r P r P r P
.88 <.001 .92 <.001 40 <.001 .88 <.001 .79 <.001 .93 <.001

8Correlation coefficients for all tweets and all categories of tweets, including valid tweets with the number of Iaboratory-confirmed influenza cases in
San Diego starting Week 40 (beginning October 6, 2013) through Week 9 (ending March 1, 2014).

Discussion

Principal Findings

This study is a continuation of the exploratory research
conducted for the 2012-2013 flu season by researchers at San
Diego State University that used Twitter as a possible method
for identifying trends in influenza incidence in 11 cities. The
specific ILI rates per city are not included in this paper because
we wanted to establish the correlations between tweetsand 1L |
rates, regardless of how high or low they were, and not the
progression of the spread of influenzain the cities themselves.
The 2013-2014 influenza season was less severe than the
2012-2013 influenza season: ILI rates were lower and fewer
peoplewereinfected with astrain of theinfluenzavirus. Across
the 11 cities that tweets were collected from, tweet rates and
ILI rates peaked around between Week 50 (ending December
14, 2013) and Week 2 (ending January 11, 2014). Twests,
sentinel, and emergency department ILI| rates all followed the
same general trend of increasing or decreasing at roughly the
same time. Boston was the only city for which the tweet rate
peaked before the ILI rate, for both sentinel-provided and
emergency department IL1. However, in Boston the correlation
between tweet rate and ILI rate was only significant when
looking at valid tweets and emergency department IL1 (P=.02)
and other correlations were low and insignificant for that city.

Separate analyses by tweet category suggest methodsto improve
ILI rate approximation. Non-retweets had higher and more
significant correlations than retweets for the majority of the
cities, and tweets without a URL also had higher and more
significant correlations than tweets with a URL. Non-retweets
are completely original tweets and are posted from the user’'s
location, whereas retweets are the tweets of othersre-posted by
a user. Even if a tweet is posted from an area outside of
collection, retweets can still be acquired because of thelocation
of the user who re-posted it. For thisreason, retweets arelikely
not as reflective of the user's own health and illness. Tweets
with a URL are likely used to share information from a news
source or blog and are more probably representative of the user’s
opinion or sentiments rather than their actual health condition.

Correlations of tweets with emergency department ILI rates
were higher for all of the cities than the correlations of tweets
and sentinel-provided ILI rates, with the exception of San Diego.
Thiswas observed not only for all tweets, but also for al of the
categoriesof tweets. Emergency department IL 1 is often reported
mandatorily to health departments whereas sentinel-provided
ILI isvoluntary and based on sentinel physicianswithin an area.
The number of physicians who report weekly can vary widely

http://www.jmir.org/2014/11/e250/

and lead to inconsistency of rates on a week-by-week basis.
Patients who visit a sentinel physician may be more likely to
have received an influenza vaccination and so lower ILI| rates
arereported. Throughout the season, correl ationsto emergency
department LI activity were very high compared to
sentinel-provided IL1 activity, though by the end of the study
period, the gap in correlations had closed.

Use of the machine-learning classifier yielded the highest
correlations for many of the cities when using either
sentinel-provided or emergency department ILI activity data,
aswell as the number of laboratory-confirmed influenza cases
in San Diego. We expected to see highest correlations using the
valid tweetsand the ILI activity, for both sentinel and emergency
department ILI rates, because by identifying valid tweets, or
ones that were more likely to indicate that the user has an
influenza-like illness, much of the noise caused by tweets that
are not retweets or do not have a URL can be eliminated. In
future infoveillance activities, we recommend the use of
non-retweets and tweets without a URL that have been filtered
through a machine-learning classifier to improve validity for
the highest level s of correlation with sentinel IL1 and emergency
department ILI findings.

The observation of high correlation values (r>.80) and at such
high significance (P<.001) to laboratory-confirmed influenza
cases is another promising aspect of this study. Influenza-like
illness rates are based on syndromes and thus provide an idea
of the number of illnesses before they can actually be confirmed
with laboratory evidence. Nevertheless, the delay that occurs
before the reports are released can and does create a large
problem for surveillance. Our results show a high correlation
between tweets and laboratory-confirmed cases, which may add
another source of current information to public health
professionals. However, there is growing concern in the field
about the effect of large sample sizes on P values. It is a
possibility that users tweeting about the flu were younger and
largely teenagers, who were taken to a physician and tested for
the influenza virus because of greater access and their parents
taking them, accounting for the especially high P value observed
in our study between laboratory-confirmed cases and influenza.

An advantage to using social media to survey influenza
incidenceisthat it would quicken responsetimefor public health
departments and health care providers. This case study only
looked at how well tweets correlated to ILI as reported by
emergency departments and sentinel physicians. By observing
how both ILI and tweetswereincreasing together around Weeks
48 through Week 52, aresponsive measure to the outbreak could
have been instated, whether through notifying neighboring
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communities of a growing number of flu cases or reminding
the population of ways to steer clear of the flu.

Limitations

The greatest limitation in this study was experienced inthe ILI
disease reporting surveillance systems. The start dates for the
weekly ILI reports varied by city and although some report
year-round and others start during MMWR week 40, Denver
did not release an ILI rate until MMWR week 49. Reporting by
city wasalso variable with thetype of data shared—while some
cities had both sentinel-provided and emergency department
ILI data, others only had sentinel-provided or, in the case of
Seattle, only emergency department ILI data. The optional
nature of ILI reporting by sentinel providers meant that cities
of similar populations could be gathering data from a differing
number of sentinel providers. For instance, Columbus generally
had only two or fewer sentinel providers reporting weekly ILI
rates and so had unreliable ILI rates for a city of over 800,000
residents. Boston and Chicago a so had low correlations between
tweets and ILI rates from either source, whether a sentinel
provider or emergency department. It is difficult to ascertain
why this may be the case because reports from Boston and
Chicago did not contain the number of sentinel providers or
emergency departments surveyed. Asboth Boston and Chicago
are very large in population size, it may be that there was too
much noisein the collected tweets where even tweets that were
not posted by news sources were opinion-based, not
illness-based, as observed by Chew and Eysenbach [23].
Although correlationsimproved for both citieswhen comparing
tweets identified as valid to ILI rates, questions remain as to
how to utilize Twitter as a tool for Boston and Chicago
specifically. One method that would aid our research, as well
assurveillance in these cities, would be to perhaps review what
qualifies as an ILI and also seek out more sentinel providers
willing to report cases, aswell as student health centers, asboth
cities have large student populations who may be accessing
their university resources rather than a primary care physician
or emergency department. The accuracy of ILI reporting has
been brought into question before, but it only increases the need
for another method that can be used, such as tweets.

Although information such as username, location, number of
followers, number of people being followed, and user profiles
can be collected along with the tweet text, demographic
information such as age, gender, and race cannot be collected
through tweets, making it difficult to determinewho istweeting
about the flu and to whom public health efforts should be
directed. A total of 31% of Twitter usersin 2013 reported their
age as between 18-29 years old [26], an age group that can be
heavily affected by the flu; although, for many flu strains we
are often more concerned about the very young and the elderly.
The fact that tweets were highly correlated to IL1 surveillance
inthe 2013-2014 flu season might be due to thefact that astrain
of the HIN1 virus was circulating, a strain to which those in
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15-24 year age group are considered to be vulnerable. It ishard
to know whether or not the correlations would be stronger or
weaker if younger and older age groups used Twitter. There
was also only one keyword used in thisstudy (“flu”) rather than
the large number of keywords used in our first case study. In
the previous study, it was found that tweets contai ning the word
“flu” were more highly correlated to IL1 rates than tweets that
contained the keyword “influenza’ or other related terms[24].
However, even with only one keyword, using the
machine-learning classifier yielded such high correlations
between weekly numbers of tweetsand IL| datathat it may only
be necessary to refine the classifier rather than to include more
keywords that would introduce more noise into the data. Other
refinements to the classifier would al so include fine-tuning the
degreesof separation in thetweet. Currently, if atweet mentions
“my sister”, “son”, or “classmate’ as having the flu, it is
identified as valid. However, if people are tweeting about a
celebrity or other popular figure who has the flu, the numbers
could be quite skewed. To prevent this issue, more training
would be required as away to modify the algorithm.

Conclusions

Social mediaisagrowing platform used by millions of people
and holds great potential asaresourcefor public health through
infodemiology and infovelllance research. This study
demonstrated reproducibility in using Twitter asasupplementary
surveillance tool for influenza, as better filtering and
classification methods yielded higher correlations than those
found for tweetsin the previousinfluenza season. Non-retweets
and tweets identified as valid by our machine classifier were
both highly correlated to reported ILI ratesin many of the cities
and specify which tweets should be collected in the future.

Further investigations in this field should include expansion
beyond these 11 cities, however more ILI data would need to
be available to allow for a possible association to be detected.
Our study wasrestricted asIL| datawas availablefromonly 11
cities, but if more citieswould publish aweekly ILI rates, either
sentinel or emergency room, or both, more refinement could be
made in our methods and more knowledge obtained for the
reliability of tweetsasan indicator of seasonal influenzatrends.
Existing traditiona influenza surveillance efforts have been
long-lasting and well-developed, but if correlations to
user-generated data on social mediacontinueto increase through
improved methods, area -time estimate of influenza caseswould
be valuable not only to public health efforts in containing an
outbreak and in predicting IL| ratesin real time, but also to the
genera population vulnerableto illness. More credibility should
be given to using Twitter as a supplementary large-scale
surveillance tool for identifying the spread of local disease in
an effort to detect outbreaks earlier and provide more time for
the devel opment and implementation of interventions designed
to halt the spread of diseases.

Thismateria isbased upon work supported by the National Science Foundation under Grant No. 1028177, project titled “ CDI-Type
I1: Mapping Cyberspace to Real space: Visualizing and Understanding the Spatiotemporal Dynamics of Global Diffusion of |deas

http://www.jmir.org/2014/11/e250/

JMed Internet Res 2014 | vol. 16 | iss. 11 | €250 | p. 11
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Adamet a

and the Semantic Web”. Any opinions, findings, and conclusions or recommendations expressed in this material are those of the
author(s) and do not necessarily reflect the views of the National Science Foundation.

Conflictsof Interest
None declared.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

Buehler W, Hopkins RS, Overhage JM, Sosin DM, Tong V. Framework for evaluating public health surveillance systems
for early detection of outbreaks. 2004 May 07. URL: http://www.cdc.gov/mmwr/preview/mmwrhtml/rr5305al.htm [accessed
2014-05-05] [WebCite Cache ID 6PLgwBwwM]

Brownstein JS, Freifeld CC, Madoff LC. Digital disease detection--harnessing the Web for public health surveillance. N
Engl JMed 2009 May 21;360(21):2153-2157 [FREE Full text] [doi: 10.1056/NEJMp0900702] [Medline; 19423867)
Henning K. Centers for Disease Control and Prevention. 2004 Sep 24. Overview of syndromic surveillance -- what is
syndromic surveillance? URL : http://www.cdc.gov/M MWR/preview/mmwrhtml/su5301a3.htm [accessed 2014-05-05]
[WebCite Cache ID 6PLr8M4JW]

Eysenbach G. Infodemiology and infoveillance tracking online health information and cyberbehavior for public health.
Am JPrev Med 2011 May;40(5 Suppl 2):S154-S158. [doi: 10.1016/j.amepre.2011.02.006] [Medline: 21521589]

Centers for Disease Control and Prevention. Workplace health promotion: adult immunization. 2013 Oct 13. URL : http:/
/www.cdc.gov/workplaceheal thpromoti on/eval uati on/topi cs/immuni zation.html [accessed 2014-05-05] [WebCite Cache
ID 6PLrAXFFr]

Centersfor Disease Control and Prevention. Flu symptoms and severity. 2013 Sep 12. URL : http://www.cdc.gov/flu/about/
disease/symptoms.htm [accessed 2014-05-05] [WebCite Cache ID 6PLrCsGAI]

Molinari NA, Ortega-Sanchez IR, Messonnier ML, Thompson WW, Wortley PM, Weintraub E, et a. The annual impact
of seasonal influenzain the US: measuring disease burden and costs. Vaccine 2007 Jun 28;25(27):5086-5096. [doi:
10.1016/j.vaccine.2007.03.046] [Medline: 17544181]

Sakaki T, Okazaki M, Mastsuo Y. Earthquake shakes Twitter users:. real-time event detection by social sensors. Raleigh,
NC: International World Wide Web Conference Committee; 2010 Presented at: 19th International Conference on World
Wide Web; Apr 26-30, 2010; Raleigh p. 978-988.

De Longueville B, Smith R, Luraschi G. "OMG, from here, | can see the flames!": a use case of mining Location Based
Social Networks to acquire spatio-temporal data on forest fires. In: Proceedings of the 2009 International Workshop on
Location Based Social Networks. 2009 Presented at: International Workshop on Location Based Social Networks; 2009;
Seattle, WA p. 73-80.

Arranz Izquierdo J, LeivaRus A, Carandell Jager E, Pujol Buades A, Méndez Castell M, Salva Fiol A, et a. [Syndromic
surveillance of influenza-like illnessin primary care: a complement to the sentinel surveillance network for periods of
increased incidence of influenza]. Aten Primaria 2012 May;44(5):258-264 [FREE Full text] [doi:
10.1016/j.aprim.2011.03.008] [Medline: 21924796]

CulottaA. Lightweight methodsto estimate influenzarates and a cohol salesvolume from Twitter messages. Lang Resources
& Evaluation 2012 May 13;47(1):217-238. [doi: 10.1007/s10579-012-9185-0]

Ohkusa, Sugawara T, Taniguchi K, Okabe N. Real-time estimation and prediction for pandemic A/H1IN1(2009) in Japan.
JInfect Chemother 2011 Aug;17(4):468-472. [doi: 10.1007/s10156-010-0200-3] [Medline: 21387184]

ChunaraR, Andrews JR, Brownstein JS. Social and news media enable estimation of epidemiological patterns early in the
2010 Haitian cholera outbreak. Am J Trop Med Hyg 2012 Jan;86(1):39-45 [ FREE Full text] [doi:
10.4269/ajtmh.2012.11-0597] [Medline: 22232449]

Sofean M, Smith M. A real-time disease surveillance architecture using social networks. Stud Health Technol Inform
2012;180:823-827. [Medline: 22874307]

Newkirk RW, Bender JB, Hedberg CW. The potential capability of social media as a component of food safety and food
terrorism surveillance systems. Foodborne Pathog Dis 2012 Feb;9(2):120-124. [doi: 10.1089/fpd.2011.0990] [Medline:
22217109

Pervaiz F, Pervaiz M, Abdur Rehman N, Saif U. FluBreaks:. early epidemic detection from Google Flu Trends. JMed
Internet Res 2012;14(5):e125 [FREE Full text] [doi: 10.2196/jmir.2102] [Medline: 23037553]

Achrekar H, Gandhe A, LazarusR, Yu S, Liu B. Predicting flu trends using Twitter data. In: Proceedings from CPNS 2011.
2011 Presented at: The First International Workshop on Cyber-Physical Networking Systems; April 15, 2011; Shanghai,
China.

TsouM, Yang J, Lusher D, Han S, Spitzberg B, Gawron JM, et al. Mapping social activities and conceptswith social media
(Twitter) and web search engines (Yahoo and Bing): a case study in 2012 US Presidential Election. Cartography and
Geographic Information Science 2013 Sep;40(4):337-348. [doi: 10.1080/15230406.2013.799738]

http://www.jmir.org/2014/11/e250/ JMed Internet Res 2014 | vol. 16 | iss. 11 | €250 | p. 12

(page number not for citation purposes)


http://www.cdc.gov/mmwr/preview/mmwrhtml/rr5305a1.htm
http://www.webcitation.org/

                                                6PLqwBwwM
http://europepmc.org/abstract/MED/19423867
http://dx.doi.org/10.1056/NEJMp0900702
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19423867&dopt=Abstract
http://www.cdc.gov/MMWR/preview/mmwrhtml/su5301a3.htm
http://www.webcitation.org/

                                                6PLr8M4JW
http://dx.doi.org/10.1016/j.amepre.2011.02.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21521589&dopt=Abstract
http://www.cdc.gov/workplacehealthpromotion/evaluation/topics/immunization.html
http://www.cdc.gov/workplacehealthpromotion/evaluation/topics/immunization.html
http://www.webcitation.org/

                                                6PLrAxFFr
http://www.webcitation.org/

                                                6PLrAxFFr
http://www.cdc.gov/flu/about/disease/symptoms.htm
http://www.cdc.gov/flu/about/disease/symptoms.htm
http://www.webcitation.org/

                                                6PLrCsGAi
http://dx.doi.org/10.1016/j.vaccine.2007.03.046
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17544181&dopt=Abstract
http://linkinghub.elsevier.com/retrieve/pii/S0212-6567(11)00357-X
http://dx.doi.org/10.1016/j.aprim.2011.03.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21924796&dopt=Abstract
http://dx.doi.org/10.1007/s10579-012-9185-0
http://dx.doi.org/10.1007/s10156-010-0200-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21387184&dopt=Abstract
http://www.ajtmh.org/cgi/pmidlookup?view=long&pmid=22232449
http://dx.doi.org/10.4269/ajtmh.2012.11-0597
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22232449&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22874307&dopt=Abstract
http://dx.doi.org/10.1089/fpd.2011.0990
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22217109&dopt=Abstract
http://www.jmir.org/2012/5/e125/
http://dx.doi.org/10.2196/jmir.2102
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23037553&dopt=Abstract
http://dx.doi.org/10.1080/15230406.2013.799738
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Adamet a

19.

20.

21.

22.

23.

24,

25.

26.

Nascimento TD, DosSantos MF, Danciu T, DeBoer M, van Holsheeck H, Lucas SR, UMSoD (Under)Graduate Class Of
2014, et al. Real-time sharing and expression of migraine headache suffering on Twitter: a cross-sectional infodemiology
study. JMed Internet Res 2014;16(4):€96 [FREE Full text] [doi: 10.2196/jmir.3265] [Medline: 24698747]

Culotta A. Detecting influenza outbreaks by analyzing Twitter messages. 2010 Presented at: Proceedings of the First
Workshop on Socia Media Analytics; July 25-28, 2011; Washington, D.C.

Signorini A, Segre AM, Polgreen PM. The use of Twitter to track levels of disease activity and public concern in the U.S.
during theinfluenza A H1N1 pandemic. PLoS One 2011;6(5):e19467 [FREE Full text] [doi: 10.1371/journal .pone.0019467]
[Medline: 21573238]

LamposV, Cristianini N. Flu detector: tracking epidemics on Twitter. 2010 Presented at: The 2nd International Workshop
on Cognitive Information Processing; June 14-16, 2010; Tuscany, Italy.

Chew C, Eysenbach G. Pandemicsin the age of Twitter: content analysis of Tweets during the 2009 H1N1 outbreak. PL0S
One 2010;5(11):€14118 [FREE Full text] [doi: 10.1371/journal.pone.0014118] [Medline: 21124761]

Nagel AC, Tsou MH, Spitzberg BH, An L, Gawron JM, Gupta DK, et al. The complex relationship of real space events and
messages in cyberspace: case study of influenza and pertussis using tweets. JMed Internet Res 2013;15(10):€237 [FREE
Full text] [doi: 10.2196/jmir.2705] [Medline: 24158773]

Centers for Disease Control and Prevention. Overview of influenza surveillance in the United States. 2013 Oct 24. URL.:
http://www.cdc.gov/flu/weekly/overview.htm [accessed 2014-05-05] [WebCite Cache ID 6PLrEqGOL ]

Duggan M, Smith A. Pew Research Internet Group. 2013 Dec 30. Social media update 2013 URL: http://www.
pewinternet.org/2013/12/30/soci al -media-%20update-2013/twitter-users/ [accessed 2014-07-31] [WebCite Cache ID

6RUSMQaNG]

Abbreviations

API: application programming interface

CDC: Centersfor Disease Control and Prevention

ILI: influenza-likeillness

MMWR: Morbidity Mortality Weekly Report

SVM: support vector machine

TF-IDF: term-frequency-inverse document frequency score

Edited by G Eysenbach; submitted 13.05.14; peer-reviewed by G Gao, S Mekaru, E Chow; comments to author 17.07.14; revised
version received 21.08.14; accepted 22.09.14; published 14.11.14

Please cite as:

Aslam AA, Tsou MH, Spitzberg BH, An L, Gawron JM, Gupta DK, Peddecord KM, Nagel AC, Allen C, Yang JA, Lindsay S
The Reliability of Tweets as a Supplementary Method of Seasonal Influenza Surveillance

J Med Internet Res 2014;16(11):€250

URL: http://www.jmir.org/2014/11/e250/

doi: 10.2196/jmir.3532
PMID: 25406040

©Anoshé A Aslam, Ming-Hsiang Tsou, Brian H Spitzberg, Li An, JMark Gawron, Dipak K Gupta, K Michael Peddecord, Anna
C Nagel, Christopher Allen, Jiue-An Yang, Suzanne Lindsay. Originally published in the Journal of Medical Internet Research
(http://lwww.jmir.org), 14.11.2014. Thisis an open-access article distributed under the terms of the Creative Commons Attribution
License (http://creativecommons.org/licenses/by/2.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete
bibliographic information, alink to the original publication on http://www.jmir.org/, aswell asthis copyright and licenseinformation
must be included.

http://www.jmir.org/2014/11/e250/ JMed Internet Res 2014 | vol. 16 | iss. 11 | €250 | p. 13

RenderX

(page number not for citation purposes)


http://www.jmir.org/2014/4/e96/
http://dx.doi.org/10.2196/jmir.3265
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24698747&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.plos.org/10.1371/journal.pone.0014118
http://dx.doi.org/10.1371/journal.pone.0014118
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21124761&dopt=Abstract
http://www.jmir.org/2013/10/e237/
http://www.jmir.org/2013/10/e237/
http://dx.doi.org/10.2196/jmir.2705
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24158773&dopt=Abstract
http://www.cdc.gov/flu/weekly/overview.htm
http://www.webcitation.org/

                                                6PLrEqGoL
http://www.pewinternet.org/2013/12/30/social-media-%20update-2013/twitter-users/
http://www.pewinternet.org/2013/12/30/social-media-%20update-2013/twitter-users/
http://www.webcitation.org/

                                                6RU5mqaNG
http://www.webcitation.org/

                                                6RU5mqaNG
http://www.jmir.org/2014/11/e250/
http://dx.doi.org/10.2196/jmir.3532
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25406040&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

