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This study explored the utility of Twitter metadata as it relates to influenza surveillance in
Canada. Twitter metadata posted between July 2013 and August 2014 containing influenzarelated keywords (e.g. influenza, flu, cough) was analyzed using a variety of methodologies.
Predictive regression models demonstrated differential utility of specific keywords; Tweets
containing several keywords were strongly associated with influenza activity (flu, influenza,
grippe), whereas a weaker association was observed with Tweets containing other keywords
(e.g. cough, fever). Correlation analysis demonstrated that non-retweets and Tweets that did not
contain a URL link were better correlated with influenza cases than retweets and Tweets
containing a URL link, respectively. Geospatial cluster analysis showed that Twitter metadata
could be used to identify local clusters of influenza-related Twitter chatter; clusters matched
traditional surveillance reports in both space and time. Geospatial cluster analysis also identified
clusters in areas not reported by the national Fluwatch program.
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Chapter 1
Influenza is an infectious respiratory disease caused by RNA viruses from the family
Orthomyxoviridae. Influenza viruses are typically spherical, ranging in size from 80 – 120nm in
diameter, and are encapsulated by spike-like glycoproteins found on the viral envelope. Two
such proteins are hemaggluntinin (HA) and neuroamindase (NA), which are responsible for
binding the virus to its target cellular receptor (Skehel & Wiley, 2000) and mediating the release
of viral particles from the infected cell (Palese et al 1976), respectively. There are 18 known
hemagglutinin proteins, and 11 neuroaminidase proteins, which are used to distinguish viral
subtypes (CDC, 2014).
Influenza viral subtypes are classified into one of three groups based on the antigenic
properties of the external coat of the virus: A, B, or C. Influenza A and B viruses are the primary
threats to human and animal health. These viruses are responsible for both seasonal influenza
outbreaks and global pandemics. While Influenza C has been reported in humans (Guo et al
1983), the relatively mild symptomatology and poor transmissibility of this virus does not make
it a substantial public health risk.
The viral genome of influenza A and B consists of eight discrete segments of negativesense single-stranded RNA which encode proteins such as hemaggluntinin, neuroaminidase,
matrix 1 and 2 proteins, as well as non-structural proteins. Polymerase proteins encoded in the
influenza virus form a complex to replicate the viral genome. However, these viral polymerases
lack proofreading ability, and therefore have high rates of error and antigenic variability,
particularly of the HA and NA proteins. As a result, influenza viral replication has high mutation
rates in the replicated viral genome, leading to rapid viral evolution. Antigenic drift refers to
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small changes to the viral genome that occur continuously due to the high mutation rate of the
viral polymerases. Antigenic drift causes host antibodies to fail to recognize the influenza virus,
resulting in reduced host immunity between endemic influenza seasons; antibodies in the body
cannot recognize the shifted virus, allowing for reinfection.
Antigenic shift refers to the process whereby two or more viral influenza strains combine
in a host cell to form a new viral subtype. Recombination of neuraminidase and hemagglutinin
glycoproteins from distinct influenza viral strains within a host cell can result in a change in the
protein coat of a virus. When a shift occurs, the novel characteristic of the virus structure makes
it highly pathogenic to a susceptible population, and could result in a global pandemic. Type A
influenza viruses are capable of antigenic shift, whereas type B influenza viruses are limited to
antigenic drift (Taubenberger et al 2008).
Burden of Illness
The influenza virus is a global public health concern. Every year influenza outbreaks
account for 5 million cases of illnesses, and as many as 500,000 deaths worldwide (WHO, 2014).
Within the United States, seasonal influenza causes an estimated 200,000 hospitalizations, and
36,000 deaths annually (Thompson et al 2003).
The annual burden of influenza in Canada is substantial. There were a reported 5169
hospitalization and 255 deaths attributable to influenza during the 2015-2016 influenza season
(PHAC, 2016). On average, seasonal influenza infects 18% of the unvaccinated population in
Canada each year (Hayward, 2014). Modelling estimations have shown that influenzaattributable illness is responsible for a full 40% of respiratory hospital admissions annually
(Schanzer, 2004). According to the Canadian Healthcare Influenza Immunization Network, 1.5
2

million cumulative workdays are lost in Canada due to annual influenza burden, resulting in an
estimated lost productivity cost of $1 billion per year (CHIIN, 2012). The World Health
Organization has listed vaccination as the single most effective way to prevent influenza
transmission (WHO, 2014). In Canada, influenza vaccination is cost-effective (the resultant
health care savings outweigh the cost of making vaccines available), and these cost savings had
the additional benefit of specifically improving health outcomes of pregnant and postpartum
women, infants, children, and adolescents (Ting, 2105).
Of particular concern for public health is the potential for a global pandemic as a result of
a zoonotic antigenic shift. Influenza pandemics have historically caused high rates of morbidity
and mortality, and have had a tremendous impact on human global health and wellbeing. In 1918
the Spanish flu pandemic infected 20 – 40% of the global population and as many as 50 million
deaths worldwide (Taubenberger et al 2009). During that time, the highest mortality rates were
among adult males aged 20 – 50 years old (Taubenberger et al 2009).
Disease Characteristics
The symptoms associated with an influenza infection include cough, fever, sore throat,
chills, runny or stuffy nose, inflammation of mucous membranes, headaches, malaise, nausea,
and fatigue (WHO, 2014). Symptoms typically last between 7 and 10 days, and fatigue may
persist for weeks. Influenza causes acute respiratory disease by infecting the epithelial cells of
the upper and lower respiratory tract. This process may result in one of the most common
complications of influenza: viral pneumonia (Kuiken et al 2008). The risk of viral pneumonia is
increased in populations without prior exposure to influenza, those over 65 years old, pregnant
women, and those with underlying pulmonary and/or cardiovascular disease (Rello & Pop-Vicas,
3

2009).
Infected adults typically shed the influenza virus for a period of 3 – 5 days (Morris et al
1966), whereas children and the immunocompromised can shed the virus for a substantially
longer period of time (Esposito et al 2011). Infected individuals typically begin to shed the virus
one day before the onset of clinical symptoms. This factor complicates efforts to adequately
control disease transmission. Furthermore, up to 50% of those who shed the influenza virus are
asymptomatic (Foy et al 1987).

Influenza transmission occurs through contact transmission, droplet transmission, or
airborne transmission (ECDC, 2009).
Contact transmission is the result of body-to-body surface contact causing a host’s
infectious secretions to come into contact with the mucosal membrane of a susceptible host.
Contact transmission can also be the result of contact with an infected fomite (eg. ountertops, or
door handles). Generally this can be prevented through prophylactic measures such as frequent
hand washing, alcohol disinfection, and / or using respiratory masks (ECDC, 2009).
Droplet transmission occurs when infectious droplets (>10mm) produced by an infected
host by a cough or sneeze are inspired by a susceptible host. Droplets of this type are generally
limited to a one meter radius from the infected host (ECFC, 2009).
Airborne transmission occurs via small, infected droplet nuclei (<5um). Unlike droplet
transmission, at this size, these droplets remain suspended in the environmental air, and can be
spread over much larger distances through environmental air currents (Weinstein et al 2003).
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Geospatial and environmental conditions relating to influenza transmission is an active
area of epidemiological research (Viboud et al 2006, Sattenspiel 2009, Lowen et al 2007). Two
of the primary determinants of spatial patterns of influenza spread in Canada are climactic
factors (temperature and humidity) and human contact patterns (Shaman et al 2010). In
temperate climates, influenza transmission has been linked to humidity indexes; where colder,
less humid conditions are associated with increased influenza transmission (Shaman et al 2010,
He at al 2013). The colder conditions in temperate climates also tend to promote indoor
crowding behaviour that increases the risk of direct contact transmission (Lofgren et al 2007).
School closures have been shown to have a significant impact on disease spread; during the 2009
influenza pandemic, schools that closed 1 -2 days earlier than comparable centers reported fewer
relative influenza cases (Earn et al 2012). In tropical climates, influenza transmission is
attributable to direct contact transmission, and therefore does not follow typical seasonal
variation found in temperate climates (Soebiyanto et al 2010).
In Canada seasonal influenza strains follow a west-to-east spatial pattern of transmission
(Daihai et al 2013, He et al 2013).

Treatment & Prophylaxis
Prophylactic measures used to treat influenza are typically limited to treating associated
symptomology. In the majority of cases, the disease is self-limiting, and recommended treatment
includes rest and rehydration. Antiviral pharmaceuticals such as Tamiflu have been used as a
reactive treatment to influenza, although its use is general restricted to severe cases due to the
potential of the virus developing resistance. Other drugs such as neuraminidase inhibitors have
5

been shown to decrease the severity and length of symptoms following infection (Michiels et al
2013). In young, healthy adults, the influenza vaccine is 70 – 90% effective in preventing
influenza illness, with a lower effectiveness in the elderly (Talbot et al 2013). However, vaccinebased prophylaxis is limited by antigenic shift that renders vaccines ineffective over a typical
influenza season (Hay et al 2001). Therefore, yearly revaccination is required for sustained
immunity.

Influenza Surveillance in Canada
Surveillance is an important component of an effective public health response to
influenza. Robust surveillance data provides information to understand when and where
influenza activity is occurring and identify circulating influenza subtypes. Disease surveillance
practices can be broadly categorized into either active or sentinel (passive) surveillance.

Active surveillance involves closely monitoring a disease by proactively collecting health
information. Active surveillance is used for diseases in which subclinical cases and carriers
predominate. An example of active surveillance in Canada is mandatory Tuberculosis testing in
health care workers (Menzies et al 2000). Active surveillance is generally very resource
intensive, and is therefore not practical for influenza surveillance.

Sentinel surveillance – also referred to as “passive surveillance” – refers to the reporting
of routinely collected health data on an ongoing basis in order to make inferences about disease
activity. This approach is a relatively inexpensive alternative to active surveillance
methodologies. In the context of influenza, sentinel surveillance includes community influenza6

like-illness (ILI) reports, critical care reports, emergency department reports, hospitalization
records, mortality statistics, school absenteeism reports, and telehealth reports (OMHLTC,
2013).
In Canada, school absenteeism has shown to predict influenza outbreaks more than 1
week earlier than traditional surveillance methods (Jaeger et al 2011). Similarly, in the
Netherlands, employment absenteeism rates have been used to successfully predict influenza
circulation weeks before traditional laboratory programs (Van den Wijngaard et al 2011, Van
den Wijngaard et al 2008). While absenteeism records offer a relatively inexpensive way to
predict the spread of influenza, limitations include a lack of consistency and sparse information
availability (on holidays and weekends (Schmidt et al 2010)). Additionally, a lack of publically
available data on school and employment absenteeism limits the ability of this approach for
influenza surveillance.
Health care providers are also an important source of information about the prevalence of
influenza-like illness (ILI). Surveillance reports by emergency medical service providers, while
typically limited to use during novel threats or natural disasters, correlate with other surveillance
practices (Baer et al 2011, Moore 2004). Using health providers for surveillance is limited in that
data are limited to those who seek medical treatment; typically older, frailer adults or young
children. Calls made to telephone help lines have also been used to track ILI; a study by Cooper
et al found that ILI could be predicted 2 weeks earlier than sentinel reports and laboratory data
(Cooper et al 2007). The Ontario telehealth program was able to predict influenza activity 2
weeks earlier in the 2004-2005 season, and 1 week earlier during the 2006-2007 influenza season
(Cooper et al 2008). Unlike other syndromic surveillance, telephone helplines are able to provide
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surveillance data over the full year, and may be able to identify an influenza outbreak strain that
does not cause enough serious illness to be detected at primary health care facilities (Cooper et al
2007). However, limitations to this approach include telephone help lines relying on selfreported illness (Smith et al 2010), and the fact that telehealth usage is on the decline (NPR,
2015).
Pharmacy sales is a well-established syndromic surveillance for the both gastrointestinal
and influenza-like illness. This approach is one of the syndromic surveillance practices used by
the Public Health Agency of Canada’s FluWatch program. Pharmacy sales data has been shown
to follow a trend that is consistent with national laboratory diagnoses of influenza in Canada
(PHAC, 2014). Margruder et al reported that pharmacy sales data could be used to predict
disease outbreaks in communities an average 2.8 days faster than physician reported surveillance
systems (Margruder 2003). However, over-the-counter sales of prophylactic pharmaceuticals
may also be influenced by economic factors such as retail marketing and public sentiment.
Prescription sales data are likely more indicative of actual disease prevalence compared to overthe-counter sales (Patwardhan et al 2012).

In Canada, an influenza surveillance network run by the Public Health Agency of Canada
(PHAC) called “Fluwatch” is responsible for aggregating many of the available sentinel
surveillance metrics (PHAC 2015). The Fluwatch program provides a structured approach that
aggregates multiple components of sentinel surveillance practices including serological
detections, hospitalization statistics, pharmacy sales, and sentinel hospital surveillance (PHAC
2015). The Fluwatch program typically aggregates and publishes these surveillance reports on a
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weekly basis during the influenza season, and on a biweekly basis during the summer months in
order to provide a comprehensive metric for national influenza activity (PHAC, 2015). However,
Fluwatch reports depend largely on health care utilization such as hospitalizations and physician
reports (Public Health Ontario, 2015). A bias inherent to this approach is related to the
differential rate of health care utilization among different age and risk demographics. Children
under the age of 4 represent 70.2% of all pediatric (<19) hospitalizations, and among adults
(>19), those over the age of 65 comprise 69.1% of influenza-related hospitalizations (PHAC,
2013). Given the relatively manageable symptoms of influenza in most healthy people who are
infected, many do not seek any form of health care, and are therefore not captured in the
Fluwatch surveillance reports. It is likely that morbidity statistics for young and middle-aged
Canadians are underrepresented in the Fluwatch data compared to other age demographics.
Therefore, alternative approaches to surveillance may help to supplement current practices by
providing an additional metric to estimate disease.

Disease Surveillance Using the Internet
Tracking health information using the Internet, also known as “infodemiology” is an
emerging area of research for public health. The majority of adult Canadians (87.1%) use the
internet (World Bank, 2013), and among those online, 82% have at least one social media
account (CIRA, 2014). A number of approaches have been used to track disease including data
mining news articles (Grishman et al 2002, Reilly et al 2008, Linge et al 2009), blogs (Corley et
al 2010), search engine logs (Eysenbach 2006, Polgreen et al 2008, Ginsberg et al 2009), and
web browsing patterns (Johnson et al 2004).
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A number of online tools that have been used to successfully track disease activity.
HealthMap is a freely available, automated real-time surveillance tool that visualizes and
disseminations online information about emerging diseases (Brownstein et al 2010). This site
aggregates over 20,000 sources of information every hour (Freifeld et al 2008) to provide realtime information about contagious and emerging diseases. ProMED-mail – the Program for
Monitoring Emerging Diseases- also uses the internet as a system for reporting infectious disease
outbreaks and toxic exposures that threaten human health (Madoff 2004).

Influenza Surveillance Using the Internet in Canada
More recently, social media has become an increasingly valuable and relevant source of
information for researchers (Patwardhan et al 2012, Aslam et al 2011). To the best knowledge of
the researchers, there has been a paucity of research into the application of internet-based tools
for influenza surveillance in Canada. In 2010, Eysenbach et al correlated interest in Google
AdSense advertisements regarding searches of “Flu” or “Flu Symptoms” with cases in weekly
Fluwatch reports (Eysenbach 2006). Jaeger et al. also included an online component in tracking
school absenteeism. This online self-reporting tool for students informed the early detection of
localized influenza outbreaks (Jaeger et al 2011).

Twitter is a social networking micro-blogging service website that allows users to post
short 140-character messages called “tweets”. Twitter has 271 million active users every month,
who collectively average 500 million tweets every day (Twitter, 2014). Canadians use the
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internet an average of 41.3 hours every month, making it one of the largest per-capita internet
consumer nations on earth (CIRA, 2014). The quantity of information available in daily Twitter
traffic makes it an extremely valuable source of information for public health research. In 2016,
there were 7.5 million Canadian Twitter accounts, with that number projected to reach 8.5
million by 2018 (Statistica, 2016).

Compared to other online tools, there are several advantages in using Twitter for disease
surveillance. For example, unlike the queries posed to search engine websites, Twitter is
designed to encourage users to share their daily experiences, and Tweets are generally longer and
more descriptive than search terms (Choudhury et al 2014). Twitter “metadata” is a term used to
describe information about Twitter postings including (but not limited to): the date a tweet was
posted, location of user, language of the user, and any hyperlinks or keywords contained within
the body of the tweet text. Twitter metadata has been used to successfully assess a wide variety
of phenomena, including: monitoring earthquakes (Sakaki et al 2010), predicting electoral
outcomes (Lerman & Ghosh, 2012), tracking drug use among college students (Hanson et al,
2013), and forecasting market models (Bollen et al 2011). During the 2009 H1N1 pandemic,
Signorini et al demonstrated tweets containing specific influenza terms could be used to track
actual-disease activity and public health sentiment across the United States in real time
(Signorini et al 2011). Paul et al demonstrated that Twitter outperformed Google Flu trends and
the Outpatient Influenza-like Illness Surveillance Network (ILINet) reports from the U.S.
Centers for Disease Control (Paul et al 2012).
However, using twitter metadata for disease surveillance is still a relatively new area of
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research. In 2009, Szomszor et al described the twenty most commonly used influenza-related
keywords being used by the public on Twitter (Szomszor et al 2009). Several subsequent studies
demonstrated that tweets containing influenza-related keywords were strongly associated with
influenza activity; including flu, (Aslam et al 2013), cough, fever, sore throat (Culotta et al 2010)
and influenza (Signorini et al 2011). However, one of the primary barriers to using twitter for
disease monitoring is the fact that daily twitter traffic contains a large amount of information that
is not relevant to actual disease activity (e.g general chatter, spam) (Pear Analytics, 2009).
Ginsberg et al first described the necessity of filtering and/or making an attempt to exclude such
irrelevant data for influenza surveillance (Ginsberg et al 2008). There have been a variety of
publications suggesting how to filter twitter metadata, including: machine learning sentiment
analysis (Culotta et al 2011) and algorithmic approaches to validate true infections (Signorini et
al 2011). Another approach has been to filter tweets based on unique characteristics of the tweet
metadata, specifically, identifying retweets and tweets containing URL links. In 2013, Aslam et
al demonstrated that tweets containing the word flu were strongly correlated with Center for
Disease Control (CDC) statistics of confirmed cases of influenza in a number of large American
cities (Aslam et al 2014). Nagel et al also showed that flu and influenza were well correlated with
CDC statistics (Nagel et al 2013). Both of these studies reported that non-retweets and tweets
that do not contain a URL link are better correlated with true disease activity than retweets and
tweets containing a URL link, respectively (Aslam et al 2014, Nagel et al 2013).

There is not yet a consensus in the literature as to whether or not twitter metadata can
reliably realize a temporal advantage in outbreak detection compared to traditional surveillance
12

approaches. In 2014, Paul et al demonstrated that tweet metadata could pre-predict influenza
outbreaks by 1 week when compared to CDC reports (Paul et al, 2014). However, this advantage
has not been observed in other studies (Quincey et al, 2009).
Influenza surveillance using metadata is a growing area of public health research.
However, there are still gaps in the knowledge about this approach to surveillance. Future
research needs to encompass longer study periods, non-pandemic years, and expand the number
of keywords to be considered for influenza surveillance purposes. Additionally, there is limited
literature about the role of using Twitter metadata for disease surveillance in Canada. The
internet and social media may offer enormous benefits to Canadian communities; this may be
especially true in communities in Canada where traditional disease surveillance infrastructure is
not available (e.g. remote, rural populations). This work has a number of objectives 1)
Determine whether influenza-related Twitter metadata in Canada is associated with Fluwatch
reports of laboratory-confirmed cases, as assessed by a multivariate predictive regression model
2) Assess whether applying a simple Tweet filtering methodology can improve correlation
between Twitter metadata and laboratory-confirmed cases of influenza, and 3) Explore and
characterize spatiotemporal clusters of influenza-related Twitter traffic in Canada. It is our
intention to explore the use of Twitter metadata as a potential supplement to current influenza
surveillance practices in Canada.
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Chapter 2
#Outbreak: Using Twitter to monitor laboratory-confirmed influenza cases in Canada
during the 2013-2014 influenza season

Introduction
Tracking health information using the internet, also known as “infodemiology”[1] provides public
health researchers a unique opportunity for disease surveillance. Influenza, commonly referred to
as the “flu”, is a viral respiratory infectious disease that causes an estimated 3 - 5 million cases of
illness, and 250,000 - 500,000 global deaths every year.[2] In Canada, influenza is an endemic
disease that follows a predictable seasonality between October and April each year. During the
2014-2015 season, influenza caused 7,719 hospitalizations and 591 deaths in Canada.[3] While
seasonal influenza mortality remains relatively limited, the burden of disease is substantial;
modelling estimations have shown that influenza-attributable illness is responsible for a full 40%
of respiratory hospital admissions in Canada annually.[4] The serological prevalence of influenza
in the unvaccinated Canadian population has been estimated to be 18% every influenza season.[5]
Influenza surveillance in Canada is achieved through a structured approach that aggregates
multiple components of sentinel and active surveillance practices including serological
detections, hospitalization statistics, pharmacy sales, and sentinel hospital surveillance.[3] The
Public Health Agency of Canada’s “Fluwatch” program aggregates data submitted by the
provinces, and publishes these surveillance reports on a weekly basis during the influenza
season, and on a biweekly basis during the summer months in order to provide a comprehensive
metric for national influenza activity. Serological confirmations of influenza subtypes are
reported by province in each report. The internet is an additional tool that may be useful in
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supplementing influenza surveillance in Canada. The majority of adult Canadians (87.1%) use
the internet,[6] and among those online, 82% have at least one social media account.[7] Twitter is
an online social media micro-blogging site that allows users to share 140 character postings
called “Tweets”. This social media platform has a global user-base of 284 million users each
month, who collectively post approximately 500 million Tweets every single day.[8] Twitter
“metadata” - a term used to describe information about Twitter postings including, but not
limited to the date a Tweet was posted, location of user, language of the user, and any hyperlinks
or keywords contained within the body of the Tweet text - provides a promising metric for
population-level information. Twitter metadata has been previously used to successfully forecast
financial market models,[9] monitor earthquakes,[10] and public reaction to the 2009 H1N1
influenza pandemic.[11]
Previous publications have reported on the utility of Twitter metadata analysis as a means to
supplement influenza surveillance. Following the 2009 H1N1 pandemic, multiple studies
demonstrated that Twitter metadata could be used to predict influenza-like-illness (ILI),[11, 12, 13]
and that the keywords influenza and flu were correlated with national ILI statistics in the United
States.[13, 14] There are conflicting reports on the temporal advantage of using Twitter for
surveillance, with some papers suggesting mild improvement on the speed of detection of
influenza activity when compared to traditional influenza surveillance systems, [11, 12, 13] and
other publications indicating that the advantage is minimal, if at all present.[14] While these
studies have shown the potential of using Twitter metadata for public health surveillance,
additional research is necessary in order to build on the scope of these initial reports by studying
longer periods of times and non-pandemic years. To the best knowledge of the authors,
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infodemiological research of this type has not yet been evaluated in Canada.
The purpose of this research is to assess the utility of Twitter metadata to enhance influenza
surveillance in Canada, as measured by the frequency of use of several influenza-related words
to predict the number of laboratory-confirmed cases of influenza.
Materials and Methods
Data Collection & Processing
Twitter metadata used in this analysis was purchased from GNIP, Inc., a social media
aggregation company founded in 2008 based out of Boulder, Colorado. The Twitter data
collected was based on a set number of criteria that aligned with the objectives of the study: 1)
Each Tweet contained one or more of the following Influenza-related keywords: cough, fever,
flu, flu shot, grippe, influenza, pneumonia, tamiflu, and vaccine 2) Each tweet was posted from a
Canadian Twitter account, and 3) All Tweets were posted between August 1st, 2013 and July
30th, 2014. A total of 55,342 metadata files were converted from a JavaScript object notation
(JSON) file format to Comma Separate Values (CSV) file format using a desktop conversion
application.[15] Files were appended in Stata 13[16] for subsequent analyses. The Twitter metadata
retained for analyses included information indicating the date and time each Tweet was posted,
the body text, and the province of origin of each Tweet.
Tweets were subsequently excluded from the analysis based on the location associated with the
individual Tweets: Tweets that did not contain geographic location information, Tweets that
were posted from outside of Canada, and Tweets that were posted from the Canadian territories
(Nunavut, Northwest Territories, Yukon) were excluded from the analyses (n= 96,483) (see
Figure 1). Territory data was excluded because the Fluwatch reports do not provide information
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about territorial influenza activity.
Influenza-Related Keywords of Interest
The present study included nine influenza-related keywords of interest: cough, fever, flu, flu shot,
grippe (French translation of flu), influenza, pneumonia, tamiflu, and vaccine. These words were
chosen with reference to previous work that evaluated the utility of several influenza-related
keywords.[17] For each Tweet, a binary variable indicating presence of a specific keyword in the
body of the Tweet was generated. In order to be detected, keywords needed to be preceded and
followed with a space in body of the text (e.g. “coughing” would not be detected as a “cough”).
Tweets containing flu shot were therefore a subset of the Tweets containing the word flu. Then,
the number of Tweets containing each of the studied keywords in a specific time period for each
province was obtained, and was used as an explanatory variable in regression models. Tweets
were limited to one keyword per individual per day in order to limit the influence of users
posting similar messages multiple times in one day. An additional “lagged” variable was
generated for each keyword, with intention to explore potential temporal improvement of
surveillance using Twitter data. Values of the number of Tweets in Week t–1 for each of the
keywords was obtained and used as an explanatory variable for the Fluwatch data in week t.
Outcome Variable (Fluwatch)
The outcome variable for the linear regression prediction models was the sum of the total
number of all laboratory confirmed cases of influenza of any subtype per time period (typically a
week) in ten Canadian provinces; as reported by weekly reports made available online through
the Public Health Agency of Canada (PHAC).[4] The Provincial Public Health laboratories are
responsible for reporting confirmed influenza cases to PHAC. The PHAC provides an online
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summary report called Fluwatch detailing the number of laboratory-confirmed cases of
influenza, which serves as a metric for national influenza activity. Fluwatch reports do not
provide influenza case confirmations in Canadian territories (Yukon, Nunavut, Northwest
Territories). PHAC retroactively updates flu confirmations throughout the influenza season; for
the purposes of this study, the number of cases per week was based on the updated weekly report
statistics. During the summer months Fluwatch publishes biweekly reports, and during the flu
season Fluwatch publishes weekly reports on influenza; therefore there were 41 Fluwatch reports
(hereby referred to as “weeks”) included in our 12 month study period, and each report provided
the number of confirmed influenza cases for each of the 10 Canadian provinces.
Data Subsetting
A subset (75%, n=308 observations) of the entire data set was randomly selected to generate the
predictive model, hereby referred to as the “training set”. The remaining data (25%, n=102) was
retained as the “validation set”. This process was achieved using a seeded random number
generation function in STATA 13. Four iterations of random selection of data for use in the
training and validation data set were performed.
Statistical analysis
Fixed effect linear regression analysis was performed on each of the nine influenza-related
Twitter keywords using the training set data. The frequency of use of each keyword within a
given week was used as the independent variable, and the number of confirmed influenza cases
during the matched report period was used as the dependent variable. In addition, time-lagged
variables were also used for each keyword. The province of origin of each Tweet was included
in each model as a categorical fixed effect. Then, multivariable linear regression models were
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developed using keywords that were retained (p<0.20) during the regression analysis of each
keyword. Forward stepwise regression was used to generate multivariable models using various
iterations of keywords until each keyword variable of interest retained in the model had a p-value
<0.05. Province was included in all models as a categorical fixed effect. Multivariable models
based on the training dataset were developed to achieve the most parsimonious model with the
largest adjusted coefficients of determination using two, three, and four influenza-related
keywords, respectively. The process was repeated for all four iterations of the random selections
of data for the training and validation data sets. Coefficients and p-values were compared among
the four iterations to ensure that coefficients did not change by more than 50% and that
significant associations remained consistently significant with p<0.05. Residual diagnostics were
performed to validate the final models containing multiple keywords; normality of residuals,
heterogeneity of the variance, and influence statistics were considered.
Following that, each model was used to generate the predicted values in the validation dataset.
Then, the caret package [18] in R 3.2[19] was used to assess predictive performance of each model
on the observed and predicted values in the validation dataset.[18] The following statistics were
used to this purpose: the coefficient of determination; root-mean-square error; and the Pearson
correlation coefficient.
Results
The number of influenza-related Tweets posted and the laboratory-confirmations of influenza in
Canada during the study period are described in Table 1. The most commonly used influenzarelated keywords detections were: flu (n=119,665), cough (n=80,095), and fever (n=73,854)
(Table 2). The greatest volume of Tweets containing one or more of the nine keywords of
interest was posted in January 2014 (n= 69,819, 16.7%) and October 2013 (n=44,502, 10.7%)
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(Table 3).
Multivariable prediction models using a single Twitter keyword of interest and the province
fixed effect are summarized in Table 4. Within the training set data, each Twitter keyword was
associated with the number of influenza cases in Fluwatch reports (p<0.05), with the exception
of vaccine (p=0.15). The adjusted coefficient of determination scores among models developed
using the training set (
grippe (

) were greatest for the following keywords: influenza (

=0.27), and flu (

=0.46),

=0.38) (Table 4). The multivariable model containing two

keywords with the largest adjusted coefficient of determination (

) used the words grippe

and influenza with the fixed effect for the provinces (Table 4). Models were rerun with robust
standard errors to account for heteroscedasticity identified during model validation; all models
remained statistically significant using this approach with the exception of the single-keyword
model containing the word pneumonia (p=0.24) (Table 4). Results were consistent among four
different randomly selected iterations of the training and validation data subset. Variables offered
in the multivariate models containing more than two keywords were not consistently significant
for the training dataset when rerun under several iterations of random data selection.
Discussion
The present study analyzed Twitter metadata representing a time period of 12 months (August
1st, 2013 – July 30th, 2014). This approach expands on the scope of previous literature which has
evaluated Twitter metadata as a tool for influenza surveillance over a time period ranging from
two weeks[11] to several months.[12, 13, 14] The study period used in the current analysis
represented a “normal” seasonal influenza year, in contrast to previous work which performed
similar analyses during the 2009 H1N1 pandemic.[11, 12]
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Fluwatch reports depend on health care utilization such as hospitalizations and physician reports,
which overrepresents certain age demographics: children under the age of 4 represent 70.2% of
all pediatric (<19) hospitalizations, and among adults (>19), those over the age of 65 comprise
69.1% of influenza-related hospitalizations.[20] Indeed, PHAC acknowledges age-specific
limitations in the current influenza surveillance practices.[21] Morbidity statistics for young and
middle-aged Canadians are likely underrepresented in the Fluwatch data. Therefore,
infodemiological applications may help to supplement traditional influenza surveillance by
providing an additional metric to estimate disease across age demographics.
Twitter metadata is not expected to be representative of the general population. Urban Canadians
are more likely to use the internet compared to their rural counterparts (76% vs 65%).[22] Other
subpopulations that are likely excluded from our sample include, but are not limited to those
living in poverty or who do not use English or French for online communication. Furthermore,
there are likely demographic considerations (e.g. age, culture) that may cause people not use
Twitter. Demographic differences notwithstanding, the ubiquity of social media use by
Canadians makes it a relevant metric for consideration in regards to influenza surveillance in the
general population.
Tweet distribution among provinces approximately mirrored the provincial population
distribution in Canada (Table 1), with the exception of Ontario and Quebec. Ontario is
overrepresented in our sample (51% of the Tweets vs 38% of the population), which is likely
explained by the large urban demographic of this province (86%) that outpaces the national
average (81% urban).[23] The province of Quebec was underrepresented in our sample, which is
likely explained by the primarily francophone (81.1%) population.[24] Only one of the nine
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keywords used to select Twitter metadata was French (grippe).
Tweets containing the words fever and/or cough were posted frequently in our sample (21.4%
and 23.2% of sample, respectively) (Table 2), but had a negative beta coefficient and a low
predictive ability as compared to other keywords of interest (e.g. flu, grippe, influenza).This
difference may be explained by lexiconic variability in the use of these words in online
communication. For example, some Tweets containing the word “fever” were referring to
subjects that fell outside of the context of disease (e.g. "I have Bieber Fever"). Similarly, the
word “cough” is often used to express sarcasm or imply discontent on online platforms (e.g. "Of
course I remembered his birthday... cough cough). Additionally, the words fever and cough
represent symptoms that are associated with non-influenza related disease. The alternative uses
of these keywords help to explain the reduced predictive ability and correlation coefficients.
When deciding which keyword metrics to use for surveillance purposes, it is important to
balance the need for keywords that are not used too frequently as to introduce excessive chatter
(e.g. fever), with words that are used with a frequency that is sufficient to provide enough data to
the researcher. An ideal keyword is one that is commonly used, while remaining narrowly
defined in the context of colloquial use (e.g. influenza). The nature of the evolution of online
discourse makes it important for public health researchers to be constantly vigilant about the way
the words are being used in online platforms.
Regression analysis based on lagged variables did not result in any statistically significant
associations for the Fluwatch data, despite previous work that suggested that Twitter could be
used to pre-predict national influenza surveillance systems by 1- 2 weeks.[15] The analysis for the
present study was conducted using weekly intervals, as this is how the Fluwatch data is reported.
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Future studies seeking to examine using Twitter to pre-predict traditional surveillance systems
may consider using a smaller time interval (daily) in order to realize a temporal advantage.
Additionally, it is possible that aggregating data over such large geographic area may have
contributed to the absence of a temporal advantage.
The province of origin of each Tweet was included in the regression analysis in order to account
for the clustering due to temporal variability in influenza outbreaks in Canada, with the typical
influenza season starting earlier in the west and peaking later in the east.[20] Additionally, the
provincial fixed effect variable allowed for increased observations (41 weeks per province) while
accounting for the clustering at the provincial level. This improved the predictive ability of the
models.
Of the nine influenza-related keywords of interest, flu, grippe, and influenza had the largest
coefficient of determination and correlation coefficient values in the validation dataset (Table 4),
and therefore represented the most suitable keywords for the surveillance purposes of the nine
keywords of interest. Aslam et al (2013) reported that the word flu was significantly correlated
with localized influenza activity in a number of cities across the United States.[26]
The extent to which any improvement in predictive ability by using a multivariable model is
worth the financial cost of tracking multiple keywords is at the discretion of stakeholders to
which this application may be of potential use. Compared to the best single-keyword prediction
model (influenza,

= 0.48,

coefficient of determination (

= 0.50), the multivariate model had an improved
= 0.51,

= 0.54) (Table 4). The authors are unaware of

previous published work regarding the utility of multiple keywords in prediction models for
influenza activity. These models demonstrate that a multivariable approach improves prediction
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analysis of influenza activity.
Twitter metadata can be used to enhance influenza surveillance practices in Canada. Unlike
previous work which attempted to validate the body text of Tweets [17] or filter based on Tweet
type,[26] this work demonstrates that in a large context, unfiltered Tweet metadata can be used to
make basic inferences about influenza disease activity. This approach may enhance surveillance
in population demographics that are less likely to be captured by Fluwatch. The current analysis
suggests that Tweets containing the words flu, influenza, and grippe are best suited to be used for
influenza surveillance purposes. Additional applications of Twitter metadata may include more
specific geographic analysis, which can be used to supplement disease surveillance at the level of
individual communities. Indeed, influenza surveillance using Twitter metadata may be used as a
proxy to comprehensive surveillance in remote or rural communities in Canada that may lack
access or infrastructure of traditional surveillance programs. The present study has demonstrated
that metadata associated with Tweets containing several influenza-related keywords can be used
to monitor influenza activity, as measured by the ability of models to predict the frequency of
laboratory-confirmed cases of influenza in Canada.
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Chapter 3
The correlation between influenza-related keywords and laboratory-confirmed influenza
cases in Canada during the 2013-2014 influenza season

Introduction
Collecting health information using the internet is an emerging field in public health research.
Twitter, Inc. is an online social media micro-blogging site that allows users to share 140
character postings called “tweets”. In 2015, Twitter had a global user-base of 284 million users,
who collectively posted approximately 500 million tweets every day (Twitter Inc, 2015). Twitter
“metadata” - a term used to describe information about Twitter postings including (but not
limited to) the date a tweet was posted, location of user, language of the user, and any hyperlinks
or keywords contained within the body of the tweet text - provides a promising metric for
evaluating population trends. Twitter has been previously used to track a variety of outcomes
such as earthquakes (Crooks et al 2013), financial stock markets (Bollen et al 2011), e-cigarette
use (Kim et al, 2015), and public reaction to domestic American political policy (Wong et al
2015).
In Canada, “Fluwatch” is a national influenza surveillance system run by the Public Health
Agency of Canada (PHAC). The Fluwatch program aggregates a variety of disease surveillance
metrics including sentinel surveillance such as pharmacy sales and hospital records (PHAC,
2015). Each Fluwatch report includes the number of laboratory-confirmed cases of influenza (by
subtype) in each Canadian province. While Fluwatch reports provide a valuable metric for
national influenza activity, there are several limitations to this surveillance system. A few
include, the time delay between when an individual is infected and when the data is received, and
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the selection bias relating to demographic characteristics; the elderly and the young are more
likely to seek health care treatment for possible respiratory infections than other age groups, and
are therefore more likely to be captured by Fluwatch (PHAC, 2014)

Twitter metadata has been previously used to monitor influenza activity. In 2009, Szomszor et al
described the twenty most commonly used influenza-related keywords being used by the public
on Twitter (Szomszor et al 2009). Several subsequent studies demonstrated that tweets
containing influenza-related keywords are associated with influenza activity (Signorini et al
2011). However, the “noise” (irrelevant information) inherent in daily Twitter traffic presents a
challenge for public health applications of tweet metadata (Ginsberg et al 2009). One solution is
to filter (selectively exclude/include) metadata as a means to identify tweets that are of higher
relevance to true disease activity (Culotta et al 2009, Broniatowski et al 2013). There is a
functional operation available to Twitter users called “retweet” which allows users to re-post or
forward another user’s tweet, allowing for the dissemination of content to a wider audience.
There is evidence that non-retweets and tweets without a URL are better correlated with real
influenza activity than retweets and tweets with a URL (Aslam et al 2014, Nagel et al 2013).
Despite the generally promising results of these initial studies, there is a paucity of research into
the utility of words other than flu or influenza for influenza surveillance (Signorini et al 2011);
there is a need to expand on the scope of the keywords used for influenza surveillance.
Furthermore, to the knowledge of the researchers, correlation analysis between tweet metadata
and actual disease activity has never been performed in Canada.
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The purpose of this study was to explore the correlation of several influenza-related keywords
(flu, grippe, cough, fever, influenza, flu shot, vaccine, tamiflu, pneumonia) with national
laboratory-confirmed cases of influenza in Canada. A secondary objective was to explore the
utility of employing a simple tweet-type filtering methodology (retweets vs non-retweets, tweets
containing URL vs tweets not containing a URL) to improve the correlation scores between
Twitter metadata and laboratory-confirmed cases of influenza in Canada.
Materials & Methods
The variable used as the metric for influenza activity in the analysis was the number of
laboratory-confirmed cases of influenza, as described in Fluwatch reports. PHAC aggregates the
number of laboratory confirmed cases of influenza (by subtype) based on reports from provincial
public health laboratories (PHAC 2014). Generally the Fluwatch reports are posted every 7 days,
although some reports span a period of 14 days during the non-influenza season (JuneSeptember) (PHAC 2014). There were 41 Fluwatch reports - hereby referred to as “weeks” included in the present study (August 1st, 2013 – July 31st, 2014). Fluwatch reports do not
provide influenza case confirmations in Canadian territories (Yukon, Nunavut, Northwest
Territories). The PHAC retroactively updates flu confirmations on Fluwatch reports throughout
the influenza season; for the purposes of this study, the updated aggregate total of influenza
subtype confirmations was used as the metric for influenza activity.
Twitter metadata was purchased from GNIP, a social media aggregation service company
(GNIP, Inc., 2016). The Twitter metadata collected was based on a set number of criteria: 1)
Each tweet contained one or more of the following influenza-related keywords: flu, grippe,
influenza, cough, fever, vaccine, tamiflu, pneumonia, flu shot; 2) Each tweet was posted from a
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Canadian Twitter account; and, 3) All tweets were posted between August 1st, 2013 and July
30th, 2014.
A total of 55,342 metadata files were converted from a JavaScript object notation (JSON) file
format to Comma Separate Values (CSV) file format using a desktop conversion application
(JSON-CSV, 2016 ). Composite metadata files were appended in Stata 13 (StataCorp, 2013) for
subsequent analyses. The raw Twitter metadata was composed of 417,411 unique tweets at the
time of purchase.
Tweets were subsequently excluded from the analysis based on the location information: tweets
that did not contain geographic location information, tweets that were posted from outside of
Canada, and tweets that were posted from the Canadian territories (Nunavut, Northwest
Territories, Yukon) were excluded from the analyses (n= 96,483 excluded). Tweets were limited
to one keyword per individual per day in order to limit the influence of users posting similar
messages multiple times in one day The data used for the statistical analysis consisted of a total
of 320,928 unique tweets.
For each influenza-related keyword of interest, a binary variable indicating presence of a
keyword in the body of each tweet was generated. The number of tweets posted using each
keyword of interest was collapsed and summarized into time periods that matched the weekly
Fluwatch reports. In order to be detected, keywords needed to be preceded and followed by a
space in body of the text (e.g. “influence” would not be detected as a “flu”). Then, the number of
tweets containing each keyword in week was obtained at both the national and provincial level.
Tweet Type
Each tweet in the study sample was categorized using two independent binary classification
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filters: type of tweet (retweet or non-retweet), and presence of a URL in the body of the tweet
(present or not present). As a result, there were four independent classifications of tweets, each
representing a combination of the binary classification filters. Tweet classification was achieved
by identifying unique string characteristics in the body of an individual tweet; tweets containing
the string “RT:” before the text of the message were identified as retweets, and tweets containing
the string “http//” or “https//” were identified as containing a URL.
National Correlation Analysis
All statistical analysis was performed using STATA 13 (StataCorp, 2013). Pearson correlation
analysis was performed between the number of tweets containing each influenza-related
keyword of interest and the total number of laboratory-confirmed cases of influenza in Canada
during the same time period (week), as reported by Fluwatch. A correlation matrix was produced
using the “corrplot” package in R (R Foundation for Statsitical Computing, Vienna, Austria,
version 3.1.2) to visually represent the strength of correlation between each influenza related
keyword of interest, in addition to the total number of influenza cases in Canada, as reported by
Fluwatch.
Provincial Correlation Analysis
The three influenza-related keywords that had the largest correlation coefficients at the national
level were retained for subsequent analysis at the provincial level. For each keyword of interest,
the number of tweets per week was divided by the provincial population (per 1000), hereby
referred to as the “provincial tweet rate”. Pearson correlation analysis was performed to examine
the relationship between the provincial tweet rate and the number of laboratory-confirmed cases
of influenza in each Canadian province (n = 10) for the top three keywords, as determined by the
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largest correlation coefficients at the national level.
Pearson correlation analysis was then repeated to assess the relationship between tweets in each
of the four tweet classifications and the number of Fluwatch cases at both the national and
provincial levels. A Fishers Z test (Fisher, 1915) was used to compare the correlation coefficients
between non-retweets and retweets, and between tweets containing a URL and tweets not
containing a URL, respectively.
Results
There were a total of 320,928 tweets included in our data set. The majority of tweets were
classified as non-retweets that did not contain a URL (n= 232,219, 72.4%) (Table 1). There were
a total of 344,782 keyword detections in the data set; the most commonly used keyword per
week was flu (n = 3,676, SD: 2,886) (Table 2). Figure 1 describes the tweet distribution of each
keyword of interest throughout the study period. A correlation matrix visualizing the strength of
the correlation between each keyword of interest is described in Figure 2.
National Correlation Analysis
The three keywords that were best correlated with Fluwatch data at the national level were flu (r
= 0.59), grippe (r =0.67), and influenza (r = 0.71) (Table 3a). Tweets containing the keywords
fever and cough had negative correlation coefficient scores at the national level (β = -0.16, β = 0.13, respectively) (Table 3a).
Correlation analysis of the four classifications of tweets using national Fluwatch data are
described in Table 3b. Non-retweets were statistically significant for the words flu, grippe,
influenza, and flu shot. There were no statistical differences observed between retweets and nonretweets, nor between tweets with and without a URL at the national level for any of the
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keywords (Table 3b).
Provincial Correlation Analysis
Correlation analysis using tweets and Fluwatch data collected at the provincial level was
performed with the tweets containing the three keywords with the highest correlation coefficient
scores at the national level: flu (Table 4a), grippe (Table 4b), and influenza (Table 4c).
Without accounting for tweet classification, tweets containing the keyword flu were significantly
correlated with provincial Fluwatch cases in six provinces: Ontario, Quebec, British Columbia,
Alberta, Saskatchewan, and New Brunswick (Table 4a). In each aforementioned province, both
retweets and non-retweets were significantly correlated but not significantly different from one
another, with the exception of Saskatchewan: retweets were better correlated with Fluwatch data
than non-retweets (0.92 vs 0.84, p < 0.01) (Table 4a). The provincial tweets containing the word
flu that did not contain a URL were significantly correlated with provincial Fluwatch data in
eight of the ten provinces, whereas tweets that did contain a URL were significantly correlated
with Fluwatch cases in two provinces. Tweets that did not contain a URL were better correlated
with provincial data in Alberta than tweets that did contain a URL (0.85 vs 0.68, p=0.02) (Table
4a).
Without accounting for tweet classification, tweets containing the keyword grippe were
significantly correlated with provincial Fluwatch data in five provinces: Ontario, Quebec, British
Columbia, Alberta, and Saskatchewan, Manitoba and Saskatchewan (Table 4b). When classified
by tweet type, tweets containing the keyword grippe were significantly correlated with nonretweets in five provinces, retweets in six provinces, tweets without a URL in seven provinces,
and tweets with a URL in one province (Table 4b).
39

Without accounting for tweet classification, tweets containing the keyword influenza were
significantly correlated with the provincial Fluwatch data in six provinces: Ontario, Quebec,
British Columbia, Alberta, Saskatchewan and New Brunswick (Table 4c). When classified by
tweet type, tweets containing the keyword influenza were significantly correlated with nonretweets in three provinces, retweets in six provinces, tweets without a URL in eight provinces,
and tweets with a URL in two provinces (Table 4c).
Discussion
The keywords of interest used in this study were chosen with reference to previous work that has
evaluated the utility influenza-related keywords for influenza surveillance (Signorini et al 2011,
Szomszor et al 2009). In general, keywords related to influenza treatment/prevention (vaccine,
tamiflu, flu shot) and symptomology (cough, fever, pneumonia) were not as well correlated with
disease as compared keywords that directly referenced influenza (flu, grippe, influenza).
The keywords that were best correlated with influenza activity in Canada during the study period
were flu, grippe, and influenza. This is consistent with Aslam et al who reported the strong
correlation values with the keyword flu with influenza data from the Center of Disease Control in
several American cities (Aslam et al 2014). Nagel et al also found that Tweets containing the
word flu and/or influenza were well correlated with influenza activity (Nagel et al 2013).
Signorini et al collected Tweet metadata from Tweets containing a number of additional
influenza-related keywords, but did not attempt to validate individual keywords against one
another (Signorini et al 2011). Our findings represent a general agreement with previous work.
Importantly, we have shown that grippe (the French language translation of flu) is also well
correlated with influenza activity – an important consideration for Canada, which is a bilingual
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country. Further research is needed to expand on the scope of French keywords used for
influenza surveillance in Canada.

There was a differential distribution of influenza-related tweets throughout the year-long study
period; the greatest volume of tweets were generally posted during the influenza season (October
– February) (Figure 1). This pattern of tweet distribution has been observed previously (Aslam
et al 2011, Signorini et al 2011). However, there are some notable deviations from the excepted
distribution of tweet volume. For example, there was an increase of flu shot Tweets in our
sample in October (Figure 1). This increase likely represents the public health messaging and
public response to flu shot campaigns rather than true disease activity. In future research, it may
be beneficial to exclude flu shot tweets from the flu tweets.

There were differences in the strength of correlation between the different tweet classifications
(retweets, non-retweets, tweets without a URL, tweets with URL) and laboratory-confirmed
cases of influenza in Canada. At the national level, the strength of correlation did not differ
between retweets and non-retweets, nor between tweets containing a URL and tweets not
containing a URL. Although this result is opposed to previous work suggesting that non-retweets
and tweets not containing a URL were superior to other classifications (Nagel et al 2013, Aslam
et al 2014), this difference is likely the result of the geographic scale of the national correlation
analysis. Geospatial variability in influenza activity needs to be considered when analyzing data
at the national level; it has been well established that seasonal influenza epidemics in Canada
peak 1-3 weeks earlier in the west than in the east (He et al 2013). Therefore, due to
41

spatiotemporal differences in influenza activity across the country, using the totality of Canadian
tweets likely obscures any differences between tweet classifications. Indeed, when correlation
analysis was performed at a more localized geographic area (provinces), there was evidence of
significant differences between the different types of tweets: tweets that did not contain a URL
outperformed tweets that did contain a URL, and non-retweets generally outperformed retweets,
which confirms previous work from the United States (Aslam et al 2014, Nagel et al 2013).
These findings are likely related to the content of the tweets; non-retweets and / or tweets
without a URL likely represent an individual user’s personal experience. This is in contrast to
retweets / tweets with a URL which may be referring to external information (e.g. news article,
online video, sentiment of other online users), and are therefore less likely to represent the user’s
personal experience.

The provinces with the largest populations (eg. Ontario, British Columbia, Alberta) had larger
correlation coefficients than provinces with smaller populations (Table 4a, 4b, 4c). This may be
explained by a sample size limitation: smaller provinces are limited in both the Fluwatch data
available for analysis (fewer reported cases per week) and the tweet volume available for
analysis, which likely diminishes the strength of correlation observed. Overall, while this type of
simplistic filtering approach does not validate whether an individual tweet is indicative of a true
disease state, we demonstrated that correlation coefficients may be maximized by removing
tweets that contain a URL and / or retweets at the level of the province.

One of the largest drawbacks to using individual keywords for disease surveillance is the
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potential to capture irrelevant data due to factors outside the context of disease activity (e.g.
marketing of drugs, news reports) (Ginsberg et al 2008). In an attempt to improve the relevance
of Twitter metadata, several studies have proposed using machine learning classifiers to identify
linguistic features in tweets in order to filter out erroneous messages (Culotta et al 2009,
Broniatowski et al 2013). While successful in improving correlation scores with disease activity,
these approaches require a degree of technical proficiency that may be unavailable to end users.
In contrast, the comparatively simplistic tweet classification methodology initially described by
Aslam et al 2014 and Nagel et al 2013, as confirmed in this paper, is an alternative methodology
for using twitter metadata for influenza surveillance. This approach may be used to capture
information from population demographics that may be missing from traditional influenza
surveillance systems. Additionally, using twitter metadata for influenza surveillance may be
especially beneficial to public health units and municipalities where traditional influenza
surveillance may be unavailable (eg. remote communities).

Overall, we have demonstrated a number of influenza-related keywords can be used to monitor
influenza activity in Canada: flu, grippe, and influenza. We have also demonstrated that basic
filtering can be used to improve correlation estimates of disease activity, and that this approach is
best utilized at the provincial level. This work represents an advancement in the knowledge
about how to best use Twitter metadata for disease surveillance in Canada, and can serve as a
framework for future public health applications.
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Chapter 4
A retrospective exploration of geospatial clusters of influenza-related Twitter metadata in
Canada during the 2013-014 influenza season
Introduction
The influenza virus poses a significant burden to global public health. Each year, between 10
– 20% of the population are infected with influenza (WHO, 2008). The highest rates of influenza
morbidity occur in children between 5-9 years old, and the highest mortality rates are reported in
children under the age of 2 and adults over the age of 65 (WHO, 2008). In Canada, the influenza
virus is classified among the top ten most-infectious diseases in the country (Kwong et al 2012),
resulting in an estimated 3,500 deaths (Schanzer et al 2013) and 12,200 hospitalizations each
year (Schanzer et al 2013, Schanzer et al 2008).
Numerous factors contribute to the spatiotemporal characteristics of an influenza outbreak,
including but not limited to: person-to-person contact patterns (such as in households, schools,
health care facilities, public transport), environmental and climate conditions, and viral strain
type (WHO, 2010). Importantly, some factors can be controlled through public health prevention
measures such as closing schools, providing masks, increasing vaccine coverage, and reducing
mass gatherings (WHO, 2010). Therefore, detecting localized influenza clusters can help to
minimize influenza morbidity and mortality through timely implementation of disease prevention
and control measures.
Given the ubiquity of internet and social media use by Canadians, analyses of internet-based
data may offer insights into the spatiotemporal characteristics of seasonal influenza. Metadata is
a term used to describe information about online postings including: date of posting, location of
user, language, hyperlinks, and keywords used. A large proportion (82%) of Canadians regularly
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use a social media account, and extracting metadata from social media activity is increasingly
becoming a relevant metric for indirect disease surveillance (Signorini et al 2011, Paul et al
2014).
Spatiotemporal Cluster Analysis
SATScan™ is a free, online software used for the analysis of temporal and space-time
disease clusters (SATScan, 2016). The scan statistic has been used for cluster detections of a
variety of diseases including: cancer (Kulldorff 2001, Michelozzi et al 2002), Creutzfeldt-Jakob
disease (Cousens et al 2001), sclerosis (Sabel et al 2003), and Type II diabetes (Green et al
2003).
The scan statistic analysis consists of evaluating a “scanning window” which represents
overlapping cylinders, each being a possible candidate for an outbreak (Kulldorff et al 2005).
The objective of the scan statistic is to identify localized disease clusters based on identifying
unusual increases in the expected number of cases. The base of the cylindrical scanning window
represents the geographic area of a potential outbreak, and the height of the cylinder represents
time. For each center and radius of circular cylinder base, the scan statistics iterates over all
possible temporal cylinder lengths.
The objective of this paper is to identify and characterize spatiotemporal clusters of
influenza-related Twitter metadata across Canada between August 1st, 213 and July 31st, 2014
using the SATScan space-time discrete scan statistic.
Materials and Methods
The Twitter metadata used in the SATScan analysis was purchased from a social-media
metadata aggregation company called GNIP, Inc (GNIP, 2016). The Twitter metadata was
collected according to the following criteria: 1) Each Tweet contained either the word flu, cough,
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fever, grippe, H1N1, swine, influenza, vaccine, Tamiflu, pneumonia, avian flu, H3N2, H1N2, flu
shot, bird flu, and H5N2 2) Each tweet was posted from a Canadian Twitter account, and 3) All
Tweets were posted between August 1st, 2013 and July 31st, 2014. A total of 55,342 metadata
files were converted from a JavaScript object notation (JSON) file format to Comma Separate
Values (CSV) file format using a desktop conversion application.[15] Files were appended and
formatted for SATScan analysis using Stata 13[16].
There were 417, 411 unique Tweets included in the data set. Tweets missing location
information were dropped (n =132, 074). Tweets were limited to one keyword per individual per
day in order to limit the influence of users posting similar messages multiple times in one day.
Tweets were then aggregated by location; a total of 910 unique locations were identified in the
Twitter data. For each location, the total number of Tweets (containing any of the keywords)
posted was used as the population baseline.
Two files were exported from STATA as .csv files to be read by SATScan software. The
population coordinates file consisted of a complete list of coordinate locations (longitude and
latitude) and associated location names for every location included in the Tweet metadata.
Location coordinates either represented a city (e.g. Toronto, Waterloo) or municipality / region
(e.g Perth county). The total number of Tweets collected from each location throughout the full
study period was used as used as a proxy for the baseline population in the SATScan analysis. A
case observation was defined as a single Tweet containing the words flu and / or influenza, (n =
104,072).
Model Parameters
The scan statistic was a discrete probability Poisson scan statistic model for high cluster
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rates over a daily time interval. The maximum time aggregation parameter was 5 days. The
maximum spatial cluster size was limited to 10% of the population at risk with a specified
maximum geographic radius of 150km. The maximum temporal cluster size was limited to 5.9%
of the study period (21 days). The analysis consisted of 9,999 replications; spatial output
parameters specified no cluster centers in other clusters.
The case, population baseline, and coordinate files were exported from STATA software.
The Poisson model scan statistic adjusts for spatial heterogeneity in the baseline population, as
well as several other user-specified parameters such as covariates, temporal trends (e.g. day of
the week), and missing data (SATScan User Guide v9.4). After running the scan statistic, the
SATScan output identifies clusters, and reports a generalized likelihood ratio (GLR). Maximum
likelihood and Monte Carlo applications are used to identify the most probable disease clusters.
Statistically significant clusters (p<0.05) are reported. The SATScan analysis reports on the
information relating to location information, coordinates / radius of the cluster, time period,
expected number of cases, relative risk, log likelihood ratio, and the p-value for each cluster. A
.kml Google earth file was generated for each cluster identified.
Results
A total of 49 clusters were identified during the study period (see Figure 1). The earliest
cluster was detected on September 19th, 2013. Between September 2013 and December 2013,
there were a number (n=8) of geographically small clusters (<100km) that followed a
nonspecific longitudinal distribution across Canada (see Figure 1).
The months of greatest influenza activity during the 2013 – 2014 influenza season in
Canada occurred between December 22nd, 2013 and January 22nd, 2014 (Fluwatch, 2014). The
majority of Twitter metadata clusters (n=34, 69%) were identified during a five-day period from
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January 3rd – January 8th, 2014. Visual examination of clusters showed that clusters on the east
coast were identified later in the influenza season, and appeared to be generally more uniform in
size (~150km) compared to clusters on the west coast (Figure 1b).
Clusters identified in Ontario (n=16, Table 1a) and British Columbia (n=6, Table 1b)
followed a similar geospatial distribution: the majority of clusters matched in time with the peak
of provincial influenza cases, with clusters identified in each province that preceded the peak by
1 – 2 weeks (Figure 2a, 2b).
Two of the clusters identified originated in a Canadian territory: Yellowknife, Northwest
Territories (Jan 3rd, 2014 - Jan 12th, 2014) and Iqualuit, Nunavut (January 3rd, 2014 - Jan 22nd,
2014) (see Figure 3).
Discussion
The scan statistic was performed using retrospective analysis of 356 days between
August 1st, 2013 and July 31st, 2014. This analysis of influenza-related Twitter metadata in
Canada demonstrates statistically significant clustering of Tweets containing the words flu and
influenza in space and time. The clusters identified occurred before and during the peak
influenza season, and followed the geographical and temporal epidemiological trends in
influenza transmission during the 2013-2014 season, as reported by Fluwatch.
To the best knowledge of the authors, this is the first report using SATScan software to
evaluate spatiotemporal characteristics of influenza-related Twitter metadata. Therefore, the
modeling parameters used for this analysis were chosen with the basic objective to
conservatively estimate and identify localized clusters (<150km) of Tweets. Model parameters
were relatively restrictive: clusters did not overlap with each other, the maximum length of a
single cluster was 21 days, and 5% of the population at risk. The purpose of using this approach
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was to identify a number of clearly discernable clusters in order to validate this approach to
geospatial analysis of Twitter metadata for public health applications.
A discrete Poisson-based model was used for analysis of the metadata. The underlying
population at risk was represented by the total number of Tweets collected of all keywords (flu,
cough, fever, grippe, H1N1, swine, influenza, vaccine, Tamiflu, pneumonia, avian flu, H3N2,
H1N2, flu shot, bird flu, and H5N2) collected in the data set in each of the 910 locations. The
selection of the population at risk was a metric that was likely not fully representative of the
population – the Tweets used as the “population at risk” in our data set were either directly or
indirectly related to influenza. However, this consideration notwithstanding; this approach was
able to differentiate large centers from smaller centers (e.g. Vancouver, British Columbia: n =
26,807 vs. Yellowknife, Northwest Territories: n = 494), and therefore was an appropriate
approximation for underlying population at risk.
The coordinate locations of individual Tweets were limited in geographic specificity to
their associated city / municipal region (e.g. all Tweets from Toronto had the same latitude /
longitude coordinate information). Therefore, the reported cluster radius represented the distance
between locations, and not the distance of individual Tweets within these centers. If only one
location was identified as a cluster, then it had a reported geographic radius of “0km” (see Table
1). In future applications, further geographic specificity of individual Tweets may be used to
identify more localized clusters (e.g. neighbourhoods within a city). However, this is largely
limited to the metadata collected and made available by the social media companies.
In Canada, influenza activity generally begins earlier in the west than in the east (He et al
2012). This trend was present in our influenza-related metadata clusters; during the peak of the
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influenza season, the clusters on the east coast were identified approximately one week after
clusters in the west (Figure 1b). This agreement between Twitter metadata clusters and
established epidemiological phenomenon of influenza activity reinforces our findings suggesting
that Twitter metadata may be a viable supplement to current influenza surveillance tools in
Canada.
Early detection of influenza outbreaks and timely implementation of disease control
measures reduces influenza morbidity (Longini et al 2005). Current influenza surveillance
practices in Canada are largely limited to the provincial level. This exploratory cluster analysis
of Canadian Twitter metadata demonstrates the potential of using this type of approach to detect
localized clusters of influenza activity which may be of use to local municipalities to identify
clusters and prompt additional public health messaging. For example, while Fluwatch does not
report on territorial influenza activity, this analysis identified two clusters in Canadian territories
(Yellowknife, and Nunavut) during the first 3 weeks of January 2014. These clusters would not
have possible to identify in these northern communities with the current standard of influenza
surveillance, as territorial data is not reported. We have demonstrated that geospatial cluster
analysis of Twitter metadata can enhance current surveillance practices, and should be
considered to be incorporated in future influenza surveillance programs in Canada.
Future research is needed to develop this approach for use in prospective analysis; cluster
analysis may be able to provide early detection of localized influenza activity, as has been
reported with similar internet-based applications (Pervaiz et al 2012, Ginsberg et al 2010).
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Chapter 5
The annual burden of influenza on public health, as well as the potential for future
pandemics necessitates a strong system of influenza surveillance in Canada. Currently, influenza
surveillance is achieved by aggregating multiple established metrics including: laboratoryconfirmed cases, pharmacy sales data, and absenteeism reports. However, Fluwatch surveillance
is limited in that it relies on health care utilization, and therefore on people who visit a health
care center for clinical influenza. As a result, those reports are likely not fully representative of
the general population, as they tend to over represent the elderly and the very young.
Additionally, there is a 1-2 week time delay between when samples are collected and when they
are analyzed and reported. The first reports of collecting and harnessing Twitter metadata as a
means to contribute to influenza surveillance practices began in 2008, and has continued to gain
popularity as a promising advancement in the field of infectious disease surveillance, as it is
expected to capture influenza surveillance information from demographic groups
underrepresented in traditional influenza practices. Many of the papers that have reported on
Twitter metadata as a surveillance methodology are limited in several important ways: they
generally report on a short period of time (<2 months), are limited geographically to specific city
centers, and are assessing a limited amount of keywords. Additionally, all of the reports have
come from the United States or Europe – there has never been a comprehensive analysis of
Twitter metadata in Canada for the purposes of a public health application such as influenza
surveillance. The objective of this thesis was to assess whether Canadian influenza-related
Twitter metadata can be used as a viable supplement to current influenza surveillance practices
in Canada. This objective was achieved by performing analysis on retrospective Twitter
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metadata collected over a full calendar year.

The first objective of this study was to determine the utility of Twitter metadata to predict
retrospective laboratory-confirmed cases of influenza, as assessed by a multivariate regression
prediction model. The laboratory-confirmed cases of influenza as reported by Fluwatch were
used as the independent variable of interest, and the number of Tweets per week containing
specific keywords putatively associated with influenza activity was used as the dependant
variable of interest: flu, influenza, grippe, cough, fever, tamiflu, vaccine, pneumonia, and flu
shot. Each regression model included a fixed effect for province of Tweet origin. Models were
developed using a subsample (75%) of the original data set, and then were evaluated against the
remaining validation data set (25%). Models were primarily compared based on their statistical
significance and coefficients of determination. Residual analysis was performed to validate
models.
Through this analysis we demonstrated that there are differences in the relative value of
influenza-related keywords for predicting laboratory-confirmed cases of influenza in Canada.
For example, cough and fever were used frequently, but did not represent an optimal metric for
assessing influenza cases. Cough and fever are used in a variety of contexts online, and therefore
many of the Tweets containing these keywords did not appear to be referring to actual disease
activity. Furthermore, cough and fever are indicative of general symptomology, which is not
necessarily specific to influenza. Alternatively, the keywords grippe, influenza, and flu produced
the best predictive models of laboratory-confirmed cases of influenza in our sample. We have
suggested that these keywords produced better models because they refer directly to the disease
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of interest in our study, and are generally not used in colloquial contexts outside of referencing
influenza.
Multivariate prediction models containing more than one keyword of interest appeared to
provide a modest improvement compared to models with one keyword; a model containing the
words grippe and influenza had a higher coefficient of determination than any of the models
containing only one keyword (R2 = 0.51 vs R2 ≤ 0.46). Those seeking to use Twitter metadata
for predictive modeling need to balance the relative utility of using multiple keywords with the
financial and practical implications of collecting such additional data.

The second objective of this study was to assess the value of filtering of Twitter metadata
in order to improve the association between Tweets about influenza and laboratory-confirmed
cases of influenza. Tweets in our sample were classified into one of four categories, based on a
pair of simple questions regarding the characteristics of the individual Tweet: whether or not the
Tweet was a retweet, and whether or not a Tweet contained a URL link. Each of the four
classifications of Tweets (Non-retweet with URL, Retweet with URL, Non-retweet without
URL, Retweet without URL) were then analyzed to assess whether these characteristics had an
influence on the strength of correlation with the reported number of laboratory-confirmed cases
of influenza of Canada during the same time period. The correlation coefficients were
statistically compared using a Fishers Z Transformation. The correlation analysis was performed
at the national level (using all Tweets and influenza cases in Canada), and the provincial level
(analysis repeated for each of the 10 provinces in Canada).
At the national level, there was no appreciable difference in the correlation coefficients
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between the Tweet classifications. However, at the provincial level, correlation analysis
confirmed what has been previously suggested in the literature: Non-retweets and Tweets not
containing a URL link were more strongly correlated with influenza cases than retweets and
tweets containing a URL link, respectively.
When analysis was performed at the level of the province, differences in the relative
value of different types of Tweets were apparent. This observation reinforces the importance of
accounting for regional differences when using internet-based tools for disease monitoring;
taking too large of a geographic area into consideration (as in our national analysis) diminishes
the ability of using different types of Tweets to improve correlation scores with true disease
activity. Indeed, future successful applications of this type will depend on an understanding of
epidemiologic disease trends. Interdisciplinary research between fields including epidemiology,
public health, and computer science all have an important role to play in maximizing the benefit
of online disease surveillance tools.
An inherent challenge with using metadata to make inferences about disease activity is
the enormous volume of irrelevant “chatter” (Tweets that use the keywords but are not referring
to the user’s personal experience) which makes online surveillance platforms prone to disruption.
We have shown that using basic filtering strategies such as removing Tweets that are not as
likely to be associated with true disease activity (retweets, tweets containing a URL) can be
effective in improving inferences about true disease activity.

The third objective of this study was to perform an exploratory geospatial cluster analysis
of influenza-related Twitter metadata clusters in Canada during the 2013 – 2014 influenza
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season. This analysis was performed, in part, to report on viable geographic and temporal model
parameters for future geospatial applications. The clusters identified in this study were consistent
with the influenza epidemic curve reported by Fluwatch; clusters tended to be larger and more
ubiquitous during the peak of the influenza season in Canada (January 2014).
The primary advantage of using cluster analysis to analyze Twitter metadata is the ability
to identify local increases in influenza-related Twitter traffic in areas where traditional influenza
surveillance is unavailable. The parameters used for this analysis were relatively restrictive;
clusters were <150km in radius, were limited to 21 days of the influenza season, and did not
overlap with one another. This vwas the first time geospatial cluster analysis has been applied to
Twitter metadata in Canada, and therefore the parameters were specifically chosen to be as
conservative in their estimation of influenza clusters as possible. SATScan analysis of Twitter
metadata in our sample has demonstrated that there is capacity to identify localized clusters of
influenza-related tweets during the influenza season in Canada. Further validation of the choice
of model parameters used in geospatial cluster analysis of this type is required to refine this
methodology. Additionally, future research of this type should apply this methodology to
prospective analysis of Twitter data.
Overall, geospatial cluster analysis of Twitter metadata provides researchers with an
additional metric for identifying local trends in influenza activity across Canada. The Fluwatch
program currently limits surveillance reports to the level of the province, and does not provide
surveillance reports for the northern Canadian territories. Importantly, our analysis has
demonstrated that geospatial cluster analysis of metadata can detect influenza-related Tweet
clusters in individual communities, including northern / remote centers (e.g. Iqaluit). This is an
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important contribution to current surveillance knowledge- limited resources available to small
municipalities and towns make this surveillance methodology useful tool for future public health
applications. Importantly, this type of analysis may provide an important additional metric for
local influenza surveillance currently not available with the Fluwatch program.

Contributions to the Understanding of the Use of Metadata for Influenza Surveillance
This work has made several contributions to the field of influenza surveillance. First, it
serves to confirm previously-reported findings that Twitter metadata can be used to make
inferences about influenza activity, and that non-Retweets and Tweets that do not contain a URL
link are better correlated with true disease activity than retweets and tweets containing a URL
link, respectively. There are also several new contributions to the field of influenza surveillance
in this work: the keyword grippe has been shown to be well associated with influenza activity in
Canada, and we have demonstrated viability of using two novel approaches to analyzing Twitter
metadata: multivariate predictive regression, and geospatial cluster analysis.
Future Applications of Twitter Metadata Surveillance in Canada
Future research is needed to continue developing online disease surveillance applications.
Specifically, future predictive regression analysis should incorporate filtered Tweets, and
analysis should be performed using data collected over smaller geographic areas. Future research
about refining Twitter metadata filtering practices may explore language attributes of Tweet texts
in order to further identify relevant Tweets for disease surveillance. In respect to geospatial
cluster analysis, validation of this methodology is required – especially as it relates to model
parameters. Overall, this type of analysis should be performed using prospective data to move
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this work towards real-time monitoring and forecasting.
It is clear that the Internet is part of the daily lives of most Canadians. That being said,
the success of using Twitter metadata for disease surveillance is fully dependent on an active and
engaged user base, which is subject to change over time. As the functionality and features of
online applications continue to grow, so to must public health research adapt to the everchanging landscape of online communication. The potential applications of using online social
media applications such as Twitter for disease monitoring and public health benefit extend
beyond influenza surveillance. There are many other opportunities for public health applications,
including surveillance of other emerging diseases, infectious and chronic conditions, and health
habits (e.g. smoking cessation).
Influenza-related Twitter metadata is a valuable supplement to current influenza
surveillance practices, and should be considered for use in future public health applications.
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Total number of Tweets containing influenza-related
keywords of interest*
n= 417,411
Excluded Tweets posted outside of Canada*
n= 544
Total number of Tweets from Canada containing
influenza-related keywords of interest
n= 416,867
Excluded Tweets posted from a Canadian territory
n= 1,416
Total number of Tweets containing influenza-related
keywords of interest
n= 415,451

Excluded Tweets without location information
n= 94,523

Tweets containing influenza-related keywords of
interest originating from a Canadian province
n= 320,928

Collapsed data into time intervals matching
Fluwatch reports (n=41) by province (n=10)
(n = 410 observations)
* Tweets collected from accounts indicating user was Canadian in their Twitter user profile

Figure 2.1. Flow diagram of the Tweet metadata excluded from analysis of influenza-related Tweets collected by GNIP, Inc. between
August 1st, 2013 and July 31st, 2014. All Tweets collected were posted from within Canada or from a Canadian Twitter account. Each
Tweet contained one or more of the following keywords: flu, influenza, cough, fever, vaccine, Tamiflu, grippe, pneumonia, flu shot.
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Table 2.1. The number of influenza-related Tweets and laboratory-confirmed cases of influenza (all types) in Canada between August
1st, 2013 and July 31st, 2014. Provincial population distribution in Canada indicated.
Province*

Number of Tweets

Fluwatch Cases

Population Distribution†

Ontario

166,046 (51.7%)

8,425 (30.0%)

13,792.1 (38.6%)

British Columbia

43,450 (13.5%)

2,544 (9.0%)

4,683.1 (13.1%)

Alberta

47,040 (14.7%)

4,158(14.7%)

4,196.5 (11.7%)

Quebec

18,799 (5.9%)

8,241 (29.2%)

8,263.6 (23.1%)

Nova Scotia

13,885 (4.3%)

224 (0.7%)

943.0 (2.6%)

Manitoba

10,508 (3.3%)

736 (2.6%)

1,293.4 (3.6%)

Saskatchewan

9,103 (2.8%)

1,552 (5.5%)

1,133.6 (3.2%)

Newfoundland & Labrador

5,142 (1.6%)

634 (2.2%)

527.8 (1.5%)

New Brunswick

4,700 (1.5%)

1621 (5.7%)

753.9 (2.1%)

Prince Edward Island

2,255 (0.7%)

117 (0.4%)

146.4 (0.4%)

Total

320,928 (100%)

28,252 (100%)

35,733.4 (100%)

* Fluwatch data not available for Canadian territories
† Population in thousands, Statistics Canada, 2015.
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Table 2.2. Frequency of influenza-related keyword use in Tweets posted per study period time interval (n=41) in Canada between
August 1st, 2013 and July 30th, 2014 (n=320, 928 Tweets)
Keyword

Mean ± Standard Deviation

Minimum - Maximum

Number of Detections

Cough

2,630 ± 804

(1,656 – 5,614)

80,095 (25.0%)

Fever

2,377 ± 952

(1,391 – 5,076)

73,854 (23.0%)

Flu

3,676 ± 2,886

(1,054 – 17,611)

119,665 (37.3%)

Flu Shot

617 ± 908

(24 – 4,289)

21,330 (6.7%)

Grippe

133 ± 155

(24 – 1,003)

4,581 (1.4%)

Influenza

172 ± 181

(31 – 1,142)

5,669 (1.8%)

Pneumonia

210 ± 88

(110 – 607)

6,801 (2.1%)

Tamiflu

26 ± 97

(1 – 619)

867 (0.3%)

Vaccine

983 ± 427

(435 – 2,960)

31,920 (10.0%)

Total

10,828.1 ± 4524.5

(5,792 – 31, 982)

344,782 (100%)
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Table 2.3. Frequency of Influenza-related Tweets posted in Canada between August 1st, 2013 and July 30th, 2014 (n=320, 928
Tweets)
Month

Number of Tweets (% of total)

August 2013

16,318 (5.1%)

September 2013

21,786 (6.8%)

October 2013

34,477 (10.7%)

November 2013

30,162 (9.4%)

December 2013

28,884 (9.0%)

January 2014

55,737 (17.4%)

February 2014

25,125 (7.8%)

March 2014

27,066 (8.4%)

April 2014

24,798 (7.7%)

May 2014

19,831 (6.2%)

June 2014

19,473 (6.1%)

July 2014

17,271 (5.4%)

Total

320,928 (100%)
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Table 2.4. Summary of regression models using influenza-related Twitter traffic to predict laboratory-confirmed cases of influenza in
Canada between August 1st, 2013 and July 31st, 2014. Summary values (coefficient, standard error, coefficient of determination and
significance) of each model was generated using a randomly selected sample of the data set (75%, n=302). The predictive summary
scores (coefficient of determination, Root mean squared error (RMSE) and Pearson correlation coefficients determined using the
randomly selected 25% the validation data set are shown for all models. Multivariate models shown show the best predictive models
containing two influenza-related keywords.
Training (75%, n=302)

Validation (25%, n=108)

Single-Keyword Models*

β

Std. Err.

𝐑𝟐𝐭 †

p-value

𝐑𝟐𝐯

RMSE

Correlation

Cough

-0.15

0.06

0.21

0.02

0.23

131.07

0.48

Fever

-0.20

0.06

0.23

<0.01

0.21

133.57

0.45

Flu

0.19

0.02

0.38

<0.01

0.41

119.00

0.64

Flu Shot

0.35

0.07

0.26

<0.01

0.28

127.83

0.53

Grippe

1.11

0.19

0.27

<0.01

0.35

120.64

0.60

Influenza‡

4.07

0.34

0.46

<0.01

0.50

124.82

0.71

Pneumonia§

0.86

0.52

0.20

0.10

0.24

130.39

0.48

Tamiflu

1.03

0.51

0.21

0.05

0.25

129.15

0.50

Vaccine

0.26

0.18

0.20

0.15

0.37

119.19

0.61
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Multivariable Model*

β

Std. Err.

Grippe

0.83

0.16

Influenza

3.82

3.82

𝐑𝟐𝐭 †

p-value

𝐑𝟐𝐯

RMSE

Correlation

0.51

<0.01

0.69

83.99

0.83

* Included provincial fixed effect
† Adjusted coefficient of determination
‡ Coefficient ranged (β: 2.92 – 4.07) when rerun with several alternative iterations of randomly generated training and validation data subsets. All model
iterations were statistically significant.
§ Coefficient ranged (β: 1.11 – 3.72) when rerun with several alternative iterations of randomly generated training and validation data subsets. Keyword was not
statistically significant when model was run with robust standard errors (p=0.24).
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Figure 3.1. Distribution of Tweets containing influenza-related keywords of interest posted in Canada between
August 1st, 2013 – July 31st, 2014 (n= 320,928).
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Figure 3.2. Correlation Matrix Plot between every influenza-related keyword of interest posted contained
in Tweets from Canadian provinces between August 1st, 2013 and July 31st, 2014 (n= 320,928).
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Table 3.1. Tweet distribution by Tweet type; Tweets containing a URL, Tweets that did not contain a URL link, Tweets that were
Retweeted, Tweets that were not retweeted (n=320,928).
URL Link

No URL Link

Total

Retweets

769 (0.2%)

86,467 (26.9%)

87,236 (27.2%)

Non Retweets

1,473 (0.5%)

232,219 (72.4%)

233,692 (72.8%)

Total

2,242 (0.7%)

318,686 (99.3%)

320,928 (100%)
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Table 3.2. The weekly frequency of Tweets posted containing influenza-related keywords in Canada between August 1st, 2013 and July 31st, 2014
(n= 320,928). Mean and standard deviation shown.
ON

QC

BC

AB

NS

MB

NL

PE

SK

NB

Flu

1386 ± 896

92 ± 56

466 ± 375

482 ± 756

6±7

98.8 ± 80.9

75 ± 55

22 ± 15

114 ± 158

47 ± 40

Cough

1113 ± 432

81 ± 27

290 ± 91

210 ± 61

1±3

68 ± 21

24 ± 11

15 ± 19

38 ± 3

26 ± 9

Fever

1067 ± 356

130 ± 111

219 ± 91

184 ± 63

94 ± 3

53 ± 20

17 ± 8

14 ± 18

43 ± 40

23 ± 8

Grippe

9±1

92 ± 112

1±2

2±8

136 ± 118

1±3

0.1 ± 0.3

0.1 ± 0.3

1±2

3±4

Influenza

55 ± 39

7±5

23 ± 23

32 ± 61

68 ± 26

4±4

5±9

1±2

7 ± 13

1±2

Vaccine

352 ± 120

41 ± 19

141 ± 59

149 ± 183

31 ± 59

22 ± 14

10 ± 15

4±5

27 ± 37

9.0 ± 6.0

Tamiflu

11 ± 40

2±8

3 ± 10

3 ± 11

31 ± 19

1±2

0.1 ± 0.4

0.0 ± 0.0

0.2 ± 0.7

0.3 ± 1.0

Pneumonia

84 ± 41

6±4

27 ± 12

28 ± 13

1±3

5±3

2±2

1±2

4±3

3±2

Flu Shot

236 ± 318

8 ± 10

79 ± 114

105 ± 243

5 ± 10

14 ± 24

6±9

6±8

24 ± 59

9±6
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Table 3.3a. Pearson correlation analysis between the frequency of influenza-related keyword use in Tweets posted per study period
time interval (n=41) in Canada between August 1st, 2013 and July 30th, 2014 (n=320, 928 Tweets) and the number of laboratoryconfirmed cases of influenza, as reported by Fluwatch.
Correlation Coefficient
(p-value)

Mean Weekly
Detections (± SD)

Range

Total Detections
(% of total)

Influenza

0.71 (<0.01)

172 ± 181

(31 – 1,142)

5,669 (1.8%)

Grippe

0.67 (<0.01)

133 ± 155

(24 – 1,003)

4,581 (1.4%)

Flu

0.59 (<0.01)

3,676 ± 2,886

(1,054 – 17,611)

119,665 (37.3%)

Vaccine

0.42 (<0.01)

983 ± 427

(435 – 2,960)

31,920 (10.0%)

Flu Shot

0.38 (0.02)

617 ± 908

(24 – 4,289)

21,330 (6.7%)

Pneumonia

0.19 (0.24)

210 ± 88

(110 – 607)

6,801 (2.1%)

Tamiflu

0.08 (0.63)

26 ± 97

(1 – 619)

867 (0.3%)

Cough

-0.13 (0.43)

2,630 ± 804

(1,656 – 5,614)

80,095 (25.0%)

Fever

-0.16 (0.31)

2,377 ± 952

(1,391 – 5,076)

73,854 (23.0%)

73

Table 3.3b. Pearson correlation analysis between the frequency of influenza-related keyword use in Tweets posted per study period
time interval (n=41) in Canada between August 1st, 2013 and July 30th, 2014 (n= 320,928 Tweets) and the number of laboratoryconfirmed cases of influenza, as reported by Fluwatch. Correlation analysis performed by Tweet type: Non-retweets, retweets, tweets
without a URL link, tweets containing a URL link.
Total

Non-Retweets

Retweets

Zǂ

No URL link

URL link

Zǂ

Influenza

0.71

0.71

0.72*

0.45

0.72

0.22

<0.001

Grippe

0.67

-0.13

-0.01

0.15

-0.10

-0.25

0.26

Flu

0.59

0.59

0.67*

0.27

0.62

0.39

0.08

Vaccine

0.42

0.08

0.05

0.39

0.07

-0.01

0.38

Flu Shot

0.38

0.42

0.28

0.28

0.36

0.19

0.21

Pneumonia

0.19

0.38

0.42*

0.41

0.39

0.41

0.47

Tamiflu

0.08

0.19

-0.07

0.41

0.07

-0.12

0.20

Cough

-0.13

-0.16

-0.23

0.22

-0.18

-0.39

0.16

Fever

-0.16

0.67

0.62*

0.36

0.66

0.37

0.04

* Statistically significant (p<0.05)
ǂ Fisher’s Z Transformation
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Table 3.4a. Correlation coefficients between Tweets containing the word “flu” (rate: Number of tweets posted per week per 1000
people in a population) with provincial laboratory confirmed cases of influenza ) in Canada between August 1st, 2013 and July 30th,
2014 (n= 320,928 Tweets).
Total

Non-Retweets

Retweets

Non-URL Tweets

URL Tweets

Province

r

p

r

p

r

p

Z*

r

p

r

p

Z*

Ontario

0.56

<0.01

0.40

0.01

0.52

<0.01

0.24

0.45

<0.01

0.09

0.60

0.04

Quebec

0.45

0.01

0.45

<0.01

0.50

0.01

0.38

0.49

0.01

0.16

0.32

0.05

British Columbia

0.67

<0.01

0.67

<0.01

0.73

<0.01

0.32

0.70

<0.01

0.13

0.40

0.01

Alberta

0.84

<0.01

0.84

<0.01

0.88

<0.01

0.26

0.86

<0.01

0.68

<0.01

0.02

Manitoba

0.28

0.07

0.28

0.07

0.42

0.01

0.25

0.34

0.03

-0.03

0.86

0.05

Saskatchewan

0.84

<0.01

0.84

<0.01

0.92

<0.01

0.05

0.85

<0.01

0.19

0.24

<0.01

Nova Scotia

0.14

0.39

0.14

0.39

0.25

0.11

0.30

0.19

0.24

-0.08

0.62

0.12

New Brunswick

0.58

<0.01

0.58

<0.01

0.62

<0.01

0.39

0.61

<0.01

0.40

0.01

0.11

0.25

0.12

0.25

0.12

0.81

<0.01

<0.01

0.45

<0.01

-0.09

0.59

0.01

0.24

0.14

0.24

0.14

0.27

0.08

0.43

0.28

0.08

0.32

0.04

0.44

Newfoundland
and Labrador
Prince Edward
Island

* Fisher’s Z Transformation
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Table 3.4b. Correlation coefficients of Tweets containing the word “grippe” (rate: Number of tweets posted per week per 1000 people
in a population) with provincial laboratory confirmed cases of influenza) in Canada between August 1st, 2013 and July 30th, 2014 (n=
320,928 Tweets).
Total

Non-Retweets

Retweets

Non-URL Tweets

URL Tweets

Province

r

p

r

p

r

p

Z*

r

p

r

p

Ontario

0.26

0.10

0.25

0.13

0.31

0.06

-

0.30

0.06

-0.18

0.28

Quebec

0.47

0.02

0.47

0.01

0.44

0.03

0.43

0.47

0.02

-0.05

0.76

British Columbia

0.56

<0.01

0.49

0.01

0.58

0.02

0.15

0.67

0.02

-0.09

0.66

Alberta

0.70

<0.01

0.76

<0.01

0.67

0.01

0.21

0.72

<0.01

-

-

Manitoba

0.35

0.02

0.25

0.33

0.14

0.58

-

0.23

0.38

0.23

0.38

Saskatchewan

0.90

<0.01

0.90

0.01

0.77

0.04

0.02

0.88

0.01

-

-

Nova Scotia

0.19

0.23

0.09

0.81

0.12

0.75

-

0.11

0.78

-

-

New Brunswick

0.38

0.01

0.45

0.02

0.55

0.03

0.55

0.46

0.01

0.40

0.04

0.37

0.08

0.63

0.25

0.12

0.81

<0.01

<0.01

0.44

0.03

-0.09

0.59

-

-0.08

0.62

-

-

-

-

-

-

-

-

-

-

Newfoundland
and Labrador
Prince Edward
Island

* Fisher’s Z Transformation
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Z*

Table 3.4c. Correlation coefficients of Tweets containing the word “influenza” (rate: Number of tweets posted per week per 1000
people in a population) with provincial laboratory confirmed cases of influenza in Canada between August 1st, 2013 and July 30th,
2014 (n= 320,928 Tweets).
Total

Non-Retweets

Retweets

Non-URL Tweets

URL Tweets

Province

r

p

r

p

r

p

Z*

r

p

r

p

Z*

Ontario

0.68

<0.01

0.66

<0.01

0.65

<0.01

0.47

0.68

<0.01

0.29

0.07

-

Quebec

0.36

0.02

0.33

0.04

0.27

0.08

-

0.36

0.02

-0.09

0.58

-

British Columbia

0.79

<0.01

0.67

<0.01

0.73

<0.01

0.30

0.70

<0.01

0.13

0.40

-

Alberta

0.98

<0.01

0.85

<0.01

0.86

<0.01

0.44

0.86

<0.01

0.10

0.51

-

Manitoba

0.30

0.06

0.16

0.32

0.38

0.01

-

0.29

0.07

-

-

-

Saskatchewan

0.94

<0.01

0.92

<0.01

0.86

<0.01

0.10

0.93

<0.01

0.38

0.03

<0.01

Nova Scotia

0.17

0.29

0.12

0.50

0.24

0.18

-

0.20

0.26

-

-

-

New Brunswick

0.54

<0.01

0.22

0.36

0.54

0.01

-

0.44

0.05

0.37

0.11

-

Newfoundland
and Labrador
Prince Edward
Island

0.80

<0.01

0.68

<0.01

0.90

<0.01

<0.01

0.80

<0.01

-

-

-

-0.08

0.60

0.12

0.61

-0.24

0.30

-

-0.11

0.63

-

-

-

* Fisher’s Z Transformation
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Table 4.1a. Geospatial clusters of influenza-related Tweets in Ontario, Canada (August 1st, 2013 – July 31st, 2014)
Geographic Radius
Cluster
Location
Length (days)
(km)
2013/8/1

Essex, Belle River

16.50

14

2013/8/11

Trenton

0*

14

2013/9/15

Dryden

0*

19

2013/9/15

Cornwall

0*

19

2013/11/4

Amherstburg

0*

14

2013/11/24

Bourget

0*

19

2013/12/29

Thunder Bay

0*

19

2014/1/3

Toronto

0*

19

2014/1/3

Waterloo

0*

19

2014/1/3

Belleville, Kingston, Peterborough, Brockville, Kanata†

149.8

14

2014/1/3

Guelph, Cambridge, Georgetown, Ancaster, Brantford‡

46.3

14

2014/1/3

St. Catharines, Niagara Falls, Welland, Oakville§

47.1

19

2014/1/3

Sturgeon Falls, North Bay, Parry Sound, Muskoka∆

142.5

19

2014/1/3

Red Lake, Ear Falls, Lac Seul, Kenora

146.3

14

2014/1/3

Iroquois Falls, Timmins, Kirkland Lake, Englehart, Rouyn-

135.2

19

0*

14

Noranda
2014/1/3

Sault Ste. Marie

* Clusters representing a single location had a radius of 0km because Twitter metadata geographic specificity was limited to cities / municipalities only
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†

Actinolite, Algonquin Highlands, Stirling, Bellvillle, Quinte West, Deseronto, Greater Napanee, Norwood, Asphodel-Norwood, Carrying Place, Princce
Edward Country, Picton, Bancroft, Kingston, Peterborough, Baltimore, Cobourg, Perth, Gananoque, Omemee, Port Hope, Bethany, Smiths Falls, Admaston,
Lindsay, Carleton Place, Renfrew, Haliburton, Minden Hills, Arnprior, Bowmanville, Brockville, Shawville, Stittsville, Port Perry, Durham, Kanata, Oshawa,
Pembroke, Algonquin Highlands, Kemptville, Prescott, Bells Corners, Whitby, Barrhaven, Petawawa
‡

Guelph, University of Guelph, Eramosa, Hamilton Corner, Rockwood, Acton, Fergus, Preston, Cambridge, Elmira, Kitchener, Erin, Georgetown, Milton,
Baden, Wellesley, Burlington, Waterdown, Caledon, Dundas, Paris, Brampton, Orangeville, Ancaster, Brantford
§

St. Catharines, Thorold, Niagra Falls, Niagra-on-the-lake, Beamsville, Chippawa, Wellands, Grimsby, Port Colborne, Ridgeway, Fort Erie, Stoney Creek,
Buffalo, Oakville
∆

Sturgeon Falls, North Bay, Powassan, South River, Greater Sudbury, Mattawa, Chelmsford, Parry Sounds, Temiskaming Shores, Huntsville, Muskoka,
Espanola
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Table 4.1b. Geospatial clusters of influenza-related Tweets in British Columbia, Canada (August 1st, 2013 – July 31st, 2014)
Geographic Radius
Cluster
Location
Length (days)
(km)
2014/1/3

Sooke, Langford, Colwood, Victoria†

104.52

14

2014/1/3

Merritt, Kamloops, Princeton, Peachland‡

136.54

14

2014/1/3

Alvin, Anmore, Coquitlam, Port Coquitlam, Port Moody§

47.98

21

2014/1/3

Vanderhoof, Prince George, Burns Lake

115.42

14

0*

19

53.74

21

2013/10/13

Cranbrook

2013/12/13

Nelson, Castlegar, Fruitvale, Trail

* Clusters representing a single location had a radius of 0km because Twitter metadata geographic specificity was limited to cities / municipalities only
†
‡
§

North Saanich, Duncan, Lake Cowichan, Nanimo, Ladner, Richmond, White Rock, Delta
West Kelowna, Hope, Summerland, Okanagan, Vernon, Chase, Penticton, Agassiz, Salmon Arm, Deep Creek, Chilliwack, Oliver
Squamish, Pitt Meadows, Maple Ridge, Burnaby, North Vancouver, Lions Bay, West Vancouver, New Westminister
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Figure 4.2a. Clusters of influenza-related Tweets in Canada between August 31st, 2013 – July 31st, 2014.
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Cluster Detec4on
La4tude vs. Date (Dec 22nd - Jan 16th)
16-Jan-14

11-Jan-14

06-Jan-14

01-Jan-14

27-Dec-13

22-Dec-13
-130
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-110
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La4tude Coordinate

Figure 4.1b. Clusters of influenza-related tweets in Canada between December 22nd, 2013 – January 16th, 2014. Clusters that occurred outside of this
time range are not visually depicted: Amherstburg (Nov 4th, 2013), Dryden (Sep 15th, 2013), Essex (Aug 1st, 2013), Cornwall (Sep 15th, 2013), Pacific
(Jan 23rd, 2014), Bourget (Nov 24th, 2013), Cranbrook (Oct 25th, 2013), Labrador City (Sep 10th, 2013), Trenton (Aug 11th, 2013).
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Figure 4.2a. Geospatial clusters of influenza-related Twitter traffic in Ontario (p<0.05).
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Figure 4.2b. Geospatial clusters of influenza-related Twitter traffic in British Columbia (p<0.05).
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Figure 4.3. Map of Clusters of influenza-related Twitter traffic in Canadian provinces between August 31st, 2013 – July 31st, 2014.
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