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Abstract

Background: Public health officials and policy makers in the United States expend significant resources at the national, state,
county, and city levels to measure the rate of influenzainfection. These individuals rely on influenza infection rate information
to make important decisions during the course of an influenza season driving vaccination campaigns, clinical guidelines, and
medical staffing. Web and social media data sources have emerged as attractive alternatives to supplement existing practices.
Whiletraditional surveillance methods take 1-2 weeks, and significant labor, to produce an infection estimate in each locale, web
and social media data are available in near real-time for a broad range of locations.

Objective: The objective of this study was to analyze the efficacy of flu surveillance from combining data from the websites
Google Flu Trends and HealthTweets at the local level. We considered both emergency department influenza-like illness cases
and laboratory-confirmed influenza cases for a single hospital in the City of Baltimore.

Methods: This was a retrospective observational study comparing estimates of influenza activity of Google Flu Trends and
Twitter to actual counts of individualswith laboratory-confirmed influenza, and counts of individual s presenting to the emergency
department with influenza-like illness cases. Data were collected from November 20, 2011 through March 16, 2014. Each
parameter was eval uated on the municipal, regional, and national scale. We examined the utility of social mediadatafor tracking
actual influenzainfection at the municipal, state, and national levels. Specifically, we compared the efficacy of Twitter and Google
Flu Trends data.

Results: We found that municipal-level Twitter data was more effective than regional and national data when tracking actual
influenza infection rates in a Baltimore inner-city hospital. When combined, national-level Twitter and Google Flu Trends data
outperformed each data source individualy. In addition, influenza-like illness data at al levels of geographic granularity were
best predicted by national Google Flu Trends data.

Conclusions: In order to overcome sensitivity to transient events, such as the news cycle, the best-fitting Google Flu Trends
model relies on a4-week moving average, suggesting that it may al so be sacrificing sengitivity to transient fluctuationsin influenza
infection to achieve predictive power. Implications for influenza forecasting are discussed in this report.

(JMIR Public Health Surveill 2015;1(1):€5) doi: 10.2196/publichealth.4472
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Introduction

Public health officials and policy makers rely on influenza
infection rate information to make important decisions during
the course of an influenza season. Whereas influenza
surveillance has traditionally been conducted using laboratory
data, hospitalizations, and physician visits for influenza-like
illness (ILI), web and social media data sources have emerged
as attractive alternatives to supplement existing practices. While
traditional surveillance methods take 1-2 weeks, and significant
labor, to produce an infection estimate in each locale, web and
social media data are available in near real-time for a broad
range of locations. Studies have demonstrated that web queries
[1-3], Twitter messages[4-12], and other sources (eg, Wikipedia
[13], mobile app reporting [ 14]) may be productively mined for

Figure 1. Screenshot of HealthTwesets.
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influenza surveillance data. New resources like Google Flu
Trends [1], HealthTweets [15,16](Figure 1), and Flu Near You
[14] deliver near-real time estimates of infection rates.

However, few have examined the efficacy of local surveillance
[12,17,18]. In this study, we analyzed the efficacy of local flu
surveillance from Google Flu Trends and HealthTweets.
Whereas previous studies that considered either Google or
Twitter inisolation, we evaluated multiple trends available from
both. Furthermore, instead of restricting our study to hospitals
designated as 1L 1 sentinels, or emergency department ILI rates,
we considered both emergency department ILI and
laboratory-confirmed influenza cases for a single hospital in
the city of Baltimore. This enabled usto evaluate theimpact on
specific care centers when making influenzaresponse decisions,
such as staffing and resource allocation.
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/

United States Flu Rate

/ United Kingdom Flu Rate

/
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Last updated: May 20, 2015 | Processed 4,621,698,785 tweets since July 23, 2011.

©2015 by the Johns Hopkins Social Media and Health Research Group | contact@healthtweets.org
Data on this site is derived from third-party social media. Reported health information may be incomplete or inaccurate
and ne responsibility is assumed for the accuracy of the provided informaticn.

Methods

Study Population and Setting

This was a retrospective observational study comparing
estimates of influenza activity from Google flu trends and
Twitter to actua countsof individual swith laboratory-confirmed
influenza, and counts of individual s presenting to the emergency
department with ILI. Each parameter was evaluated on the
municipal, regional, and national scale.

Data Collection and M ethods of M easur ement

Data were collected from November 20, 2011 through March
16, 2014. All measurements were recorded weekly to allow for
direct comparison between data sources. Following the Centers
for Disease Control (CDC) Convention, each week summed
the data points from Sunday through the following Saturday.
The number of municipal- (city) level subjects was estimated
by evaluating the number of patients presenting to an urban

http://publichealth.jmir.org/2015/1/e5/
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academic emergency department in Baltimore, Maryland with
an annual volume of over 60,000 adult and 24,000 pediatric
visits. The number of confirmed influenza cases was determined
by summing the number of emergency department visits with
laboratory-confirmed influenzathat occurred during each week.
Similarly, the number of patients with ILI was determined by
summing the number of emergency department patients who
reported fever with cough or sore throat each week. Regional
datawere collected viathe CDC surveillance reports for health
and Human Services (HHS) Region 3, including both the
percentage of patients reporting IL1 and the percentage of tests
positive for influenza. National data were collected from the
CDC surveillance report of the nationwide percentage of patients
reporting ILI and thetotal percentage of patientstesting positive
for influenza.

Google Flu Trends data for the United States, the state of
Maryland, and the city of Baltimore were downloaded directly
from the Google Flu Trends website [19]. Twitter data for the
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same three locations was obtained from the HealthTweets
website [15], an online platform for public health surveillance
aimed at sharing the latest research results on Twitter datawith
the scientific community and public officials. The underlying
data were generated using a sequence of supervised
machine-learning algorithms[10,12], namely logistic regression
classifiers, thefirst of which identified tweets that were relevant
to health. Next, tweets that were about influenza were isol ated.
The final classifier separated tweets that were about reported
influenza infection from those that only reported awareness of
the flu. The tweets indicating influenza infection constituted
our dataset. Message locations were identified using Carmen
[20], asoftware package that infers tweet | ocations using Global
Positioning System (GPS) coordinates and self-reported
locations from the free text of the user biographic profiles.

Statistical Analysis

Datawere anayzed by evaluating weekly trends over timeusing
the Box-Jenkins procedure [21] applied to each data source
(influenzatests at our medical center, L1 at our medical center,
% reported flu cases in HHS region 3 and the USA, and %
reported IL1 in HHS region 3 and the USA) in order to control
for autocorrelation in the corresponding time series. We next
fit an autoregressive integrated moving average model with
exogenous covariates (ARIMAX) to each data time series, X,

Figure 2. Equations defining the ARIMAX model.
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b
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Results

Table 1 summarizes the results of each ARIMA model
incorporating Twitter and Google Flu Trends data. Our results
show that Baltimore-area Twitter data provided abetter estimate

http://publichealth.jmir.org/2015/1/e5/
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wherep, d, and g, arethe respective autoregressive, differencing,
and moving average orders of the model (Figure 2, part @). The
@and B,are the autoregressive and moving average parameters,
respectively, gisanormally distributed error term with amean
of 0, L isalag operator defined asin Figure 2, part b, and mjis
defined asin Figure 2, part ¢, where y,is a series of predictors
(eg, Twitter and/or Google Flu Trends data), the n;are a series
of predictor weights, and b isthe total number of predictor time
series.

We chose the autoregressive, differencing, and moving average
terms of each model that minimized each its Aikake Information
Criterion (AIC) subject to the constraint that each model used
the same degree of differencing for each data source. This
constraint was imposed to enable comparison across socia
media predictors (ie, Twitter, Google Flu Trends, or both). All
statistics were conducted using the R Project for Statistical
Computing, version 3.0.2 (The R Foundation for Statistical
Computing). Specifically, we used the "arima()” functioninthe
forecast package[22]. Parameter selection wasinformed by the
“auto.arima()” function, using the Hyndman and Khandakar
algorithm [23]. Deviations from the algorithm’s output were
then examined by hand and parameters that deviated from
algorithm output were chosen if they minimized AIC.

q
o) = (1 + Z Gl-Li) &, (a)
i=1

(b)

(c)

of actual influenza cases reported in the Baltimore metropolitan
area when compared to state- and national-level Twitter data
(see Figure 3). Furthermore, a combination of Twitter and
Google Flu Trends data sources outperformed either Twitter or
Google Flu Trendsindividually when predicting actua influenza
outbreaks at municipal and regional levels.
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Table 1. Log-likelihood (AIC?) for each surveillance method.
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L aboratory-confirmed influenza

Influenzalikeillness (IL1)

City Region us City Region us
Twitter P
us*® -311(627)°1%  3179e53)>2 23594840 -5029(1009)%21  -669(143)010 27961)+11
MDY -310 (624)%190 -321 (661)>%3 -236 (486)01° -503 (101220 -70 (144)%10 -30 (68)141
Baltimore -3089(620)%1° 323 (666)>13 -235 (484)015 -504 (1013221 -74 (158)%13 -32 (7441
Google Flu Trends
us -2019596)M14  3139649)>1*  -230"9(475)%1°  -404"9(1002)124  -499(110)014  -1f9(15)L14
MD -299 (612)414 -318 (656)>%3 -236 (486)01° -498 (1010)%%*  -58 (129)0:14 -27 (614t
Baltimore -295 (604) 114 -320 (660)>%3 -236 (486)01° -495 (1005)+%%  -60 (132)%14 -23 (56)11?
Both
us -289"9(504) 114 _310M9(646)513 2309477015 -4959(1003)%1*  -499(112)014 -09(17)tt4
MD -299 (613)+14 -318 (657)>13 -235 (485)015 -498 (1011)*%*  -58 (130)%14 -27 (68)11
Baltimore -294 (604) 414 -319 (659)>%3 -235 (486)01° -500 (1007)%%1  -60 (134)%14 -22 (55)H1?

8a|C=Aikake Information Criterion
bTwitter data from the Heal thTweets website.

CUS=United States

dMD=M aryland

©Superscript numerals indicate the autoregressive order, the order of differencing, and the moving average order, respectively. Models were chosen to
minimize AIC, guided by examinations of autocorrelation and partial autocorrelation values.

The best predictor across all data sources.

9The best predictor within each data source (Heal thTweets website, Google, or alinear combination of both).
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Figure 3. Plot of weekly confirmed influenza cases (right axis) as compared to standardized Baltimore social media data (left axis).

When directly comparing models that rely only on one data
source (ie, Twitter or Google Flu Trends but not both), we found
that the best-fitting Twitter models were simple whereas the
best-fitting Google Flu Trends models generally required more
parameters. For example, at the municipal level, the best-fitting
Twitter model did not require any autoregressive or moving
averageterms, whereas the best-fitting Google Flu Trends model
required a 4-week moving average of Google Flu Trends data
and an autoregressive term. In general, these more complex
Google Flu Trends model s outperformed the best-fitting Twitter
models. Although these Google Flu Trends models were
significantly more complex (ie, one must fit more parameters),
they had a lower AIC, indicating that they were also more
informative.
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Discussion

Principal Findings

Consistent with prior work [18], we found that national-level
Google Flu Trends data may be used to track actua influenza
cases in the Baltimore area. The fact that a combination of
Twitter and Google Flu Trends data at the national (US) level
outperformed all other data sources for local and regional
confirmed influenza cases indicates that these data sources are
not redundant and that Twitter data are contributing information
useful to influenza surveillance that are not captured by the
corresponding Google Flu Trends data.
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Comparison With Prior Work

Whereas prior work using Google Flu Trends data has largely
focused on US ILI data, we extended this finding to multiple
levels of geographic granularity by examining socia media
surveillance at the regional and city levels as well. We found
that US Google Flu Trends data best explained ILI rates at all
levels (including the municipa level, see Figure 4). This

Broniatowski €t al

contrasts with prior research, which found that Google Flu
Trends data conflated signal s of influenza awareness (eg, media
attention) with signals of actual infection - overestimating the
flu season’s peak prevalence. In addition, this prior work found
that there was insufficient control for temporal autocorrelation
and alack of analysis of Google Flu Trendsdata at local, rather
than national, levels [24].

Figure 4. Plot of weekly influenza-like illness cases (right axis) as compared to standardized US social media data (l€eft axis).
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In this study, we controlled for autocorrelation and exogenous
tempora factors using an ARIMAX model. The improved
performance of this model might be an indication that the
4-week moving average terms are smoothing out fluctuations
dueto the news cycle. Neverthel ess, because Google Flu Trends
datado not explicitly differentiate between signals of influenza
awareness and actud infection, thisrelatively complicated model
may buy accuracy at the cost of sensitivity to transient
phenomena. Thus, temporary spikes in media coverage are
smoothed out, but so would temporary spikes in influenza
infection.

Elsawhere, we have shown that our Twitter data overcome the
limitations identified in prior Google Flu Trends studies by
filtering out signals of influenza awareness from signals of
actua infection and enabling analysis at multiple levels of
geographic granularity [12,25]. Furthermore, the fact that the
Twitter model is more lightweight meansthat it is more able to
correctly track transient increases in infection when they occur
[12]. Finally, municipal-level Twitter data provided a better

Acknowledgments

account of actual influenza cases in Baltimore than did state-
or national- level data. Thisfinding isconsistent with prior work
[12] showing that local Twitter data does contribute information
that is useful for municipal surveillance. In contrast, state- and
local-level Google Flu Trendsdatadid not improve surveillance
when compared to national GFT data.

Limitations

One limitation of our approach is that it only relies upon one
municipality. Furthermore, our analysis only examined three
seasons of influenza data, one of which (the 2012-2013 season)
isknown to have been anomal ous. Future work should therefore
focus on incorporating data from multiple influenza seasons.

Conclusions

Overal, our results motivate the need for future work examining
how socia media may be used to track measures relevant to
influenza surveillance in multiple different locations and
Seasons.

DA Broniatowski and M Dredze were supported in part by the National Institutes of Health under award number
1R01GM114771-01. MJ Paul was supported by a PhD fellowship from Microsoft Research.

http://publichealth.jmir.org/2015/1/e5/

RenderX

JMIR Public Health Surveill 2015 |vol. 1 |iss. 1|e5]|p. 6
(page number not for citation purposes)


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

JMIR PUBLIC HEALTH AND SURVEILLANCE Broniatowski et al

Conflicts of Interest
M Dredze and MJ Paul serve on the advisory board of SickWeather. There are no other conflicts of interest.

References

1.

Ginsberg J, Mohebbi MH, Patel RS, Brammer L, Smolinski MS, Brilliant L. Detecting influenza epidemics using search
engine query data. Nature 2009 Feb 19;457(7232):1012-1014. [doi: 10.1038/nature07634] [Medline: 19020500]

2. Polgreen PM, ChenY, Pennock DM, Nelson FD. Using internet searches for influenza surveillance. Clin Infect Dis 2008
Dec 1;47(11):1443-1448 [FREE Full text] [doi: 10.1086/593098] [Medline: 18954267]

3. YuanQ, NsoesieEOQ, Lv B, Peng G, Chunara R, Brownstein JS. M onitoring influenza epidemicsin chinawith search query
from baidu. PL0oS One 2013;8(5):e64323 [FREE Full text] [doi: 10.1371/journal.pone.0064323] [Medline: 23750192]

4.  CulottaA. Towards detecting influenza epidemics by analyzing Twitter messages. 2010 Presented at: Proc First Workshop
on Social Media Analytics : 115-122; 2010; New York, NY, USA. [doi: 10.1145/1964858.1964874]

5. Paul MJ, Dredze M. You are what you Tweet: Analyzing Twitter for public health. 2011 Presented at: ICWSM; 2011,
Barcelona, Spain p. 265-272.

6.  LamposV, Cristianini N. Nowcasting events from the social web with statistical learning. ACM Transactions on Intelligent
Systems and Technology (TIST) 2012;3(4):72. [doi: 10.1145/2337542.2337557]

7.  DredzeM. How Social MediaWill Change Public Health. IEEE Intell. Syst 2012 Jul;27(4):81-84. [doi: 10.1109/M1S.2012.76]

8. Chew C, Eysenbach G. Pandemicsin the age of Twitter: content analysis of Tweets during the 2009 H1N1 outbreak. PLoS
One 2010;5(11):e14118 [FREE Full text] [doi: 10.1371/journal.pone.0014118] [Medline: 21124761]

9. Sdathé M, Khandelwal S. Assessing vaccination sentiments with online social media: implications for infectious disease
dynamics and control. PLoS computational biology 2011;7(10). [doi: 10.1371/journal.pchi.1002199]

10. Lamb A, Paul MJ, Dredze M. Separating Fact from Fear: Tracking Flu Infections on Twitter. In: HLT-NAACL. 2013
Presented at: HLT-NAACL; 2013; Atlanta, Georgia, USA p. 789-795.

11. Gesuado F, Stilo G, Agricola E, Gonfiantini MV, Pandolfi E, Velardi P, et a. Influenza-like illness surveillance on Twitter
through automated learning of naive language. PL0S One 2013;8(12):e82489 [FREE Full text] [doi:
10.1371/journal .pone.0082489] [Medline: 24324799]

12. Broniatowski DA, Paul MJ, Dredze M. National and local influenza surveillance through Twitter: an analysis of the
2012-2013 influenza epidemic. PLoS One 2013;8(12):e83672 [ FREE Full text] [doi: 10.1371/journal.pone.0083672]
[Medline: 24349542]

13.  Mclver DJ, Brownstein JS. Wikipedia usage estimates prevalence of influenza-like ilinessin the United States in near
real-time. PLoS computational biology 2014;10(4). [doi: 10.1371/journal .pcbi.1003581]

14. ChunaraR, Aman S, Smolinski M, Brownstein JS. Flu near you: an online self-reported influenza surveillance systemin
the USA. Online Journal of Public Health Informatics 2013;5(1). [Medline: PMC3692780]

15. Dredze M, Cheng R, Paul MJ, Broniatowski DA. HealthTweets. org: A Platform for Public Health Surveillance using
Twitter. In: Workshops at the Twenty-Eighth AAAI Conference on Artificial Intelligence. 2014 Presented at: AAAI
Conference on Artificia Intelligence; 2014; Quebec City, Quebec, Canada.

16. HeathTweets.org. URL: http://www.healthtweets.org/accounts/l ogin/?next=/ [accessed 2015-05-22] [WebCite Cache ID
6Y hoN4Fak]

17. Nage AC, Tsou MH, Spitzberg BH, An L, Gawron JM, Gupta DL, et al. The complex relationship of real space events and
messagesin cyberspace: Case study of influenzaand pertussis using tweets 2013. IMIR 2013;15(10). [doi: 10.2196/jmir.2705]
[Medline: PMC3841359]

18. DugasAF, Jalalpour M, Gel Y, Levin S, Torcaso F, Igusa T, et d. Influenza forecasting with Google Flu Trends. PL0S
One 2013;8(2):e56176 [ FREE Full text] [doi: 10.1371/journal.pone.0056176] [Medline: 23457520]

19. Google Flu Trends. URL: https.//www.google.org/flutrends/us/#U S WebCite Cache ID 6Y hoaM|jpP]

20. Dredze M, Paul MJ, Bergsma S, Tran H. Carmen: A twitter geolocation system with applications to public health. 2013
Jun Presented at: AAAI Workshop on Expanding the Boundaries of Health Informatics Using Al (HIAI); 2013; Bellevue,
WA p. 20-24.

21. Box GEPR Jenkins GM, Reinsel GC. Time series analysis. forecasting and control. Hoboken, NJ: John Wiley; 2008.

22. Hyndman RJ, Khandakar Y. Automatic Time Series Forecasting: Theforecast Packagefor R. Journal of Statistical Software
2008;27(3) [FREE Full text]

23.  Hyndman RJ, Khandakar Y. No 6/07 2007. Monash University, Department of Econometrics and Business Statistics. 2007.
Automatic time series for forecasting: The forecast package for R URL.: http://webdoc.sub.gwdg.de/ebook/serien/e/
monash_univ/wp6-07.pdf [accessed 2015-05-19] [WebCite Cache ID 6Yeg6094h]

24. Lazer D, Kennedy R, King G, Vespignani A. The Parable of Google Flu: Trapsin Big Data Analysis. Science 2014 Mar.
[doi: 10.1126/science.1248506]

25. Broniatowski DA, Paul MJ, Dredze M. Twitter: big data opportunities. Science 2014 Jul 11;345(6193):148. [doi:
10.1126/science.345.6193.148-a] [Medline: 25013052]

http://publichealth.jmir.org/2015/1/e5/ JMIR Public Health Surveill 2015 |vol. 1]iss. 1| e5|p. 7

(page number not for citation purposes)


http://dx.doi.org/10.1038/nature07634
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19020500&dopt=Abstract
http://www.cid.oxfordjournals.org/cgi/pmidlookup?view=long&pmid=18954267
http://dx.doi.org/10.1086/593098
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18954267&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0064323
http://dx.doi.org/10.1371/journal.pone.0064323
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23750192&dopt=Abstract
http://dx.doi.org/10.1145/1964858.1964874
http://dx.doi.org/10.1145/2337542.2337557
http://dx.doi.org/10.1109/MIS.2012.76
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://dx.doi.org/10.1371/journal.pcbi.1002199
http://dx.plos.org/10.1371/journal.pone.0082489
http://dx.doi.org/10.1371/journal.pone.0082489
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24324799&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0083672
http://dx.doi.org/10.1371/journal.pone.0083672
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24349542&dopt=Abstract
http://dx.doi.org/10.1371/journal.pcbi.1003581
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=PMC3692780&dopt=Abstract
http://www.healthtweets.org/accounts/login/?next=/
http://www.webcitation.org/

                                            6YhoN4Fak
http://www.webcitation.org/

                                            6YhoN4Fak
http://dx.doi.org/10.2196/jmir.2705
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=PMC3841359&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0056176
http://dx.doi.org/10.1371/journal.pone.0056176
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23457520&dopt=Abstract
https://www.google.org/flutrends/us/#US
http://www.webcitation.org/

                                            6YhoaMjpP
http://webdoc.sub.gwdg.de/ebook/serien/e/monash_univ/wp6-07.pdf
http://webdoc.sub.gwdg.de/ebook/serien/e/monash_univ/wp6-07.pdf
http://webdoc.sub.gwdg.de/ebook/serien/e/monash_univ/wp6-07.pdf
http://www.webcitation.org/

                                            6Yeg6094h
http://dx.doi.org/10.1126/science.1248506
http://dx.doi.org/10.1126/science.345.6193.148-a
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25013052&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Broniatowski et al

Abbreviations

AIC: Aikakeinformation criterion

ARIMA: Autoregressive integrated moving average
CDC: Centersfor Disease Control

HHS: Health and Human Systems

ILI: Influenza-likeillness

Edited by G Eysenbach; submitted 25.03.15; peer-reviewed by D Mciver; comments to author 29.04.15; revised version received
04.05.15; accepted 05.05.15; published 29.05.15

Please cite as:

Broniatowski DA, Dredze M, Paul MJ, Dugas A

Using Social Media to Perform Local Influenza Surveillance in an Inner-City Hospital: A Retrospective Observational Study
JMIR Public Health Surveill 2015;1(1):e5

URL: http://publichealth.jmir.org/2015/1/e5/

doi: 10.2196/publichealth.4472

PMID: 27014744

©David Andre Broniatowski, Mark Dredze, Michael J Paul, Andrea Dugas. Originally published in IMIR Public Health and
Surveillance (http://publichealth.jmir.org), 29.05.2015. 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 IMIR Public Health and Surveillance, is properly
cited. The complete bibliographic information, a link to the original publication on http://publichealth.jmir.org, as well as this
copyright and license information must be included.

http://publichealth.jmir.org/2015/1/e5/ JMIR Public Health Surveill 2015 |vol. 1|iss. 1|€5|p. 8
(page number not for citation purposes)

RenderX


http://publichealth.jmir.org/2015/1/e5/
http://dx.doi.org/10.2196/publichealth.4472
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27014744&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

