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Abstract

Background: Twitter isthe most popular form of microblogging that is being utilized in public health to engage audiences and
to communicate health-related information. Although there is some research showing the various forms of Twitter use in public
health, little is known about how individual public health professionals are using their personal Twitter accounts to disseminate
health information.

Objective: The purpose of this research was to categorize public health professionals’ tweets to evaluate how individual public
health professionals are furthering the mission of public health.

Methods: Twitter accounts held by public health professionals were identified, and researchers proceeded to record 6 months'
worth of each individual’s Twitter feed. During the 6-month period, atotal of 15,236 tweets were collected and analyzed using
the constant comparison method.

Results: A total of 23 tweet categories among the 15,236 tweets were initialy identified. Some of the most common topics
among the 23 categoriesincluded the following: health nutrition (n=2008), conferences (n=815), Ebola (n=789), Affordable Care
Act (ACA)/hedlth care (n=627), and social justice (n=626). Each of these categories were then stratified into one of four themes:
(1) informing and educating, (2) monitoring health statuses and trends, (3) socia justice, and (4) professiona development.

Conclusions: Using Twitter, public health professional's are hel ping dispel misinformation through education and by translating
technical researchinto lay terms, advocating for health inequalities, and using it asameansto promote professional devel opment.

(JMIR Public Health Surveill 2017;3(4):€54) doi:10.2196/publichealth.6796

KEYWORDS
Twitter; social media; public health; technology transfer; diffusion of innovation

Twitter. Facebook, Twitter, Instagram, Yik Yak, Snapchat, and
YouTube are just a few of the social networking sites (SNSs)

In a recent paper published in JPHS we described how public that 65% of adults use daily in the United States [2,3]. Each

health professionals use Twitter for professional development platform offers aunique way to disseminate information, share
[1]. In the current paper, we describe how public health opinions, and connect with others around the world in a matter

professionals disseminate health related information using of seconds[2]. Microblogging, asubsection of SNSs, isdefined

Introduction
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as “short, frequent posts’ or electronic word of mouth [4-6].
Through microblogging, individuals not only share personal
mementos, opinions, political information, and news but also
promote products and information, thereby raising awareness
for causes or charities[4-6]. Research showsthat microblogging
is powerful in convincing/rallying other individual s because of
immediacy, its far reach to individuals around the world, and
is seen as credible because it appearsin a print format [6]. As
a result of its strong influence, many companies and
organizations have adopted microblogging to disseminate
information about their company or organization and to promote
events and products [4-6]. With such a strong influence and
reach, it isimportant to look at how public health organizations
and professionals are using this influence to potentially spread
credible knowledge and information to the public as well as a
means of professional development.

The most popular form of microblogging, with 313 million
active users, occurs through Twitter [7,8]. Twitter allows users
to post tweets up to 140 characters or less, as well as links,
pictures, and videos after the tweet [7]. The majority of Twitter
accounts are public, so any individual can access information
on another account simply by following that account [ 7]. Twitter
users are mostly individualsin the age group of 18 to 29 years,
who are statistically African American or Hispanic, livein urban
areas, and have ahigher participation rate than most other SNSs
[7]. These users are achallenging population to reach in public
health, making Twitter an ideal resource for public health
organizations and individuals to focus their efforts [7]. Public
health organizations currently use Twitter for (1) informing and
education, (2) monitoring health status and trends, (3)
surveillance and information in disasters, and (4) professional
development [7,9].

Public health organizations disseminate information and
education by tweeting about various health-related topics[7,10].
Local health departments often tweet information about tobacco
cessation resources, events, frequently asked questions about
immunizations, and other popular health-related topics. Twitter
has also been used as a means to provide sex education and to
promote the use of condoms by tweeting facts on sexual health
and information about local clinics that provide free condoms
[10]. When monitoring health statuses and health trends, also
called syndromic surveillance, health departments can search
for tweets using keywords or hashtags such as “sick,” “flu,”
“dental pain,” and “food poisoning.” This alows health
departmentsto identify the geographical areafrom wherethese
tweets are being posted and to map instances of a potential flu
outbreak, food contamination, or an area in need of dental
servicesinreal time[7,11,12]. Furthermore, health organizations
use surveillance and information during disasters by tweeting
updates about current local crises such as flooding, fires,
hurricanes, and tornadoes [7]. Besides sending information,
health organizations can also collect information by searching
for geotagged tweetsthat indicate where emergency relief should
focus their attention [7].

Health organizations are also beginning to use Twitter as a
source of professional development by tweeting updates while
at aconference or animportant meeting, thereby allowing other
organizations and health professional sto receive updates on the

https://publichealth.jmir.org/2017/4/e54/
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current work and research being conducted [7]. Professional
development is also being facilitated viathe creation of journal
clubs by certain organizations, a Web-based format on Twitter
that allows health professional sto tweet questions and responses
to the paper aswell asthe author of the paper to respond to other
health professionals in real time [13]. Although public health
organizations are adapting to the current social media trends,
the current research being conducted focuses primarily on
organizations and excludes how individual public health
professional s are disseminating health information. This study
aims to target these public health professionals’ tweets over a
6-month period to evaluate how individuals are furthering the
mission of public health.

Methods

When examining the implementation of new technology,
Roger’s diffusion of innovation model is commonly used.
Although Twitter was founded in 2006 and has gone through
thefull diffusion of innovation cycle (innovators, early adopters,
early majority, late majority, and laggards), the diffusion of
innovation model can be used to examine how new ideas and
uses of Twitter spread throughout the population or a
subpopul ation/group. For example, public health organizations
did not start using Twitter until more recently because of
network filter blocks, but they created new usesfor Twitter such
assyndromic surveillance[7,11,12]. Public health organizations
(eg, Centers for Disease Control and Prevention [CDC], local
health departments, and National Institutes of Health [NIH])
are farther along the diffusion of innovation cycle, whereas
individual public health professionals are just beginning to use
Twitter for more than personal usage. These public health
professionals can be considered early adopters, as they are
expanding beyond the scope of personal usage and using their
credentials to identify themselves as an authority and the field
and to disseminate public health—related information outside a
specific organization. Examining these tweets allows for the
identification of information that public health professionals
hope to disseminate to colleagues and eventually, to the general
popul ation.

Data Collection

Participants were chosen through Twitter's search function
using the terms “public health practitioner,” “MPH”" (master’'s
in public health), “public health,” and “APHA” (American
Public Health Association). After individuals were identified
as public health professionals, participants were chosen based
on a set of inclusion and exclusion criteria. Inclusion criteria
were asfollows: theindividual wasapublic health professional
and had to have aminimum of 300 followers. Exclusion criteria
were as follows: the individual could not be a part of an
academic ingtitution, and it could not be an organization's
Twitter page (eg, CDC, loca hedth departments, and NIH).
Overall, 220 public health professionalswere chosen to examine
their tweets during a 6-month period from October 1, 2014 to
March 31, 2015. A total of 15,236 tweets were collected and
then analyzed using the constant comparison method.

JMIR Public Health Surveill 2017 | vol. 3| iss. 4 |€54 | p.6
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Data Analysis

The constant compari son method was used to analyze the tweets
to reduce the datainto manageable units and coded information
[14-16]. The process began with open coding, which can be
defined as “the process of breaking down, examining,
comparing, conceptualizing, and categorizing data,” where 2
trained researchers (NS and M H) open-coded all the tweetsand
discovered major themes [14-16]. The tweets were then
selectively coded into those major themes by the same 2 trained
researchers (MH and NS; [14-16]). Open coding was done by

Table 1. Tweet categories of public health professionals.

Hart et al

hand versus using keyword searches through data mining
software to take on the full context of the tweets/posts.

Results

The constant comparison method initially revealed 23 different
tweet categoriesamong the 15,236 tweets analyzed, as displayed
in Table 1. Each of these categories were then analyzed and
coded into four separate themes: informing and education,
monitoring health status and trends, socia justice, and
professional development (Textbox 1).

Tweet category Tweets, n
Non-public health-related 4032
Health nutrition 2008
Other 1885
Conference/Forum/APHA? 815
Ebola 789
Noninfectious diseases 728
ACAP/Health care 627
Violence/Safety/Social justice 626
Health law and policy 567
Technology/Innovation 553
Environmental health/Factors 380
Charity/Organi zations/NPO® 346
Vaccines 250
Education and literacy 233
Global famine/Water 196
Emergency/Emergency preparedness 176
Global poverty/Homelessness 170
Infectious diseases 158
Mental health 156
HIVYAIDS® 143
Smoking/Tobacco/Marijuana 143
M edications/Drugs and a cohol 143
Influenza 112
Total 15,236

SAPHA: American Public Health Association.
PACA: Affordable Care Act.

°NPO: nonprofit organization.

9H1V: human immunodefici ency virus.

€AIDS: acquired immunodeficiency syndrome.
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Textbox 1. Tweet themes of public health professionals and underlying categories.

Tweet theme: Informing/Education
Categories
. Ebola

« Affordable Care Act (ACA)/Health care
« Healthlaw and policy

«  Emergency/Emergency preparedness

«  Environmenta health factors

o Health and nutrition

Tweet theme: Monitoring health status/Trends
Categories

« HIV/AIDS

o Hedlth and nutrition

o Influenza

«  Smoking/Tobacco/Marijuana

«  Technology/Innovation

o Infectious diseases

«  Noninfectious diseases

Tweet theme: Socid justice

Categories

«  Globa poverty/Homelessness

o  Global famine/Water

«  Charity/Organizations/American Public Health Association (APHA)
«  Education and literacy

« Menta hedth

«  Violence/Safety/Social

«  Non-public health—related

Tweet theme: Professional development
Categories
Conference/Forum/APHA

«  Human immunodeficiency virus (HIV)/acquired immunodeficiency syndrome (AIDS)

Informing and Education

Informing and education tweets centered around informing and
educating the public on various aspects and updates in public
health. Within the theme, there were seven major topic areas
covered: Ebola; human immunodeficiency virus (HIV)/acquired
immunodeficiency syndrome (AIDS); Affordable Care Act
(ACA)/hedlth care; health law and palicy; emergency/emergency
preparedness; environmental health factors; and health and
nutrition (Textbox 1). During the 6-month period of tweets
collected, panic about Ebola was prevalent, and many public

https://publichealth.jmir.org/2017/4/e54/

RenderX

health professionals tweeted information to dispel panic and
myths (see Figure 1).

Another area where public health professionals tweeted
information to dispel misinformation was about the ACA (see
Figure 2).

Although social media has drastically changed the way of
communication, it has aso created a way to spread
misinformation quickly. As public health professionals have
the credential s/authority tied with their Twitter accounts, they
can dispel misinformation as well as spread other important
health information to the public at arapid rate.
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Figure 1. Public health professional dispels panic and myths during Ebola panic.

Ebola virus disease is not airborne
infection. Airborne spread among humans,
inhalation of infectious dose of virus frm
small dried droplets

Figure 2. Public health professional dispels misinformation about the Affordable Care Act.

CBO #ACA will cost the government $142
billion less in next 10 years than last year's
report. nytimes.com/2015/03/10/ups...

The New York Times

More Good News an the Deficit, This Time Because of Private
Insurance...

Federal budget forecasters lowered estimates of what the o
government will spend on health insurance premiums, months after =
doing the same for Medicare. /

View on web

Figure 3. Public health professional disseminates information about flu epidemic.

" With 15 Children Dead, CDC Declares Flu
Epidemic - ABC News abcn.ws/1ztM4NI via
@ABC #H3N2 #Flu

2 ABC News

"~ -

With 15 Children Dead, CDC Declares Flu Epidemic
By #Liz Neporent @Lizzyfit

The CDC has officially declared this year's flu an epidemic.
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Figure 4. Public health professional shares a study about cigarettes with followers.

oo This Study Destroys The Myth That

: #Cigarettes 'Relieve Stress’
huffingtonpost.com/2015/02/25/smo...
#tobacco #healthyliving

1] HuffPost Living

are 70 percent .

Monitoring Health Status and Trends

Tweets identified as monitoring health status and trends were
not using surveillance techniques, instead they were informing
the public of updates on specific health statuses and trends (see
Figures 3 and 4). Within the theme, there were seven major
topic areas covered: HIV/AIDS,; health and nutrition; influenza;
smoking/tobacco/marijuana; technol ogy/innovation; infectious
diseases; and noninfectious diseases (Textbox 1).

Through the word limit function in Twitter, public health
professionals are forced to condense important information into
140 characters, making these important updates on specific
health statuses and trends more relatable to the lay population.

Figure5. Public health professional speaks about US poverty.

This Study Destroys The Myth That Cigarettes 'Helieve Stress’

Il’

you're looking for another reason to quit, here it is: Cigarettes may be a sign of mental
health problems. Contrary to the perception of cigarettes as a stress reliever, smokers

Social Justice

Social justice tweets focused on raising awareness and support
for various public health issues (see Figures 5 and 6). Within
the theme, there were seven major topic areas covered: global
poverty/homel essness; global famine/water;
charity/organizations/ APHA; education and literacy; mental
health; violence/safety/social  justice; and non-public
health-related (Textbox 1).

Twitter providesaspacefor public health professionalsto share
items they are passionate about, within or outside, their field.
This platform also allows them to connect and collaborate with
other professionalswho areinterested in the same social justice
issues.

"U.S. ranks near the bottom of the high-
iIncome world when facing #poverty. So
many powerful things can be done."-
@JeffDSachs w @tavissmiley

St
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| | support *]’_ﬂ;MaJalaFLmd fighting for 12 yrs of
free quality education for all children

bit.ly/1BWpbJA

World leaders, AIMH IC- H

as you set our global
edvcation goals.

e

12YEARS of FREE
and QUALITY education
for ALL children by 2030.

malala.org

. professionals and the general public (see Figures 7 and 8). This
Professional Development particular theme contained only one tweet category:
Professional development occurred when health professionals  conference/forum/APHA (Textbox 1).

tweeted new public health information obtained at conferences
and forums, aswell aswith the exchange of sources of scientific
literature back and forth between other public health

Twitter providesaunique platform for professional development
as budget cuts decrease the opportunity to connect and
collaborate with other public health professionals.

Good to see Simon Stevens at

LGAWellbeing @ADPHUK PH
conference. Starts with childhood obesity &
half health differences due to smoking.
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Figure 8. Public health professional shares a photo of a conference.

Rain Henderson opens up the

Hart et al

ClintonFdn

HealthMatters2015 asking "What else can
we do together” to improve health?

at

—

Ml

wlll |

I
LK

Discussion

Principal Findings

Similar to public heath organizations, public health
professionals are also using Twitter to inform and educate the
public. Theseresults are not surprising, asone of the main tenets
of public healthisto “educate and inform” [7]. Thisinformation
and education on social mediaiscrucial, as Twitter'smain users
(aged 18to 29 years), do not obtain “news” from regular media
(newspapers, magazines, and television) but from social media
[17]. Associa mediahasbecomeamain resource of knowledge
for many, so has misinformation. With the credibility seen in
microblogging, it is important for public health professionals
with credential Sauthority to dispel this misinformation among
the public [6]. The results show public health professionals
attempting to combat misinformation on Ebola.

Public health organizations use Twitter to monitor health status
and trends through syndromic surveillance[7,11,12]. However,
public health professionals were not using surveillance
techniques, they were informing the public about updates on
specific health statuses and trends. Thisalso allows public health
professional sto take technical research and translateit into 140

https://publichealth.jmir.org/2017/4/e54/

RenderX

characters, or lay terms, for the public to understand and
disseminate among their social groups. These tweets may also
contain embedded links, which then lead individuas to health
department websites or other crediblewebsiteswhere they might
not have gonetointhefirst place[7]. The nature of Twitter also
provides the public with a way to ask questions directly,
allowing public health professionalsto provide information they
may not have otherwise [7].

The most visible tenet of public health is the concept of social
justice [18]. The concept of social justice stems directly from
public health’s mission to “protect and promote health of the
population asawhole” [18]. Results mirror thisfounding ethical
principle and show that public health professionas are
passionate about many health inequalities. Twitter also allows
these same professionals a way to connect with other
professionals, within and outside public health, who are also
advocating for the same issues.

Finally, akin to public health organizations, public heath
professionals are also using Twitter as a means of professional
development. Over the years, many states have seen significant
decreases in funding for public heath, severely limiting
resources available to the public as well asto the public health
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professionals (eg, continuing education and conferences).
Twitter provides public heath professionals with a unique
platform, to still engage with local conferences, as individuals
attending tweet about sessionswhilethey are occurring. Twitter
also provides away for public health professionals to connect
and collaborate with other public health professionals in real
time, despite being limited in funding for travel.

Limitations

The scope of the tweets examined was during a 6-month window
and was limited to that specific time frame. Although limited
throughout the 6 months, the tweets reached saturation before
6 months, ensuring that tweets collected were representative of
public health professionals’ Twitter activity. A second limitation
was that the individuals analyzed only had to have a minimum
of 300 followers. Although thisisasmall number of followers,
because public health professiona s are early adopters, they will
not have alarge following yet. Thefinal limitation wasthat the
category “non-public health—related” was the most common
tweet category. Looking at the categories as a whole makes it
appear that public health professionals are not talking about
public health the majority of the time, but when one looks at
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the tweets (see Table 1) as two categories—non-public health
and public health—11,204 tweets were on various public health
topics, and only 4032 were non-public health—related.

Conclusions

For more adoption to occur among public health professionals,
public health organizations should consider removing social
media filters, specifically from Twitter. The removal of social
media filters would eliminate the barrier of public health
professionals only being able to tweet during after work hours,
thereby encouraging increased adoption of the social media
platform among public health professionals aswell as enabling
them to rapidly spread critical health information to the public
as it occurs “in real time” Unlike the mgjority of health
organizations, public health professionals’ individual Twitter
accounts outside organizations are not monitored by the
government, and they are able to disseminate important
information to colleagues and the lay population, such as how
climate change affects public health, that organi zations may not
be able to disseminate, despite how critical that information is
to the overall public health in the United States.
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Abstract

Background: School-aged children have the highest incidence of respiratory virus infections each year, and transmission of
respiratory viruses such asinfluenzavirus can be amajor concern in school settings. School absenteeism data have been employed
as a component of influenza surveillance systems in some locations. Data timeliness and system acceptance remain as key
determinants affecting the usefulness of a prospective surveillance system.

Objective: The aim of this study was to assess the feasibility of implementing an electronic school absenteeism surveillance
system using smart card—based technology for influenza-like illness (IL1) surveillance among a representative network of local
primary and secondary schoolsin Hong Kong.

Methods: We designed and implemented a surveillance system according to the Protocol for a Standardized information
infrastructure for Pandemic and Emerging infectious disease Response (PROSPER). We employed an existing smart card—based
education and school administration platform for data capture, customized the user interface, and used additional back end systems
built for other downstream surveillance steps. We invited local schools to participate and collected absenteeism data by the
implemented system. We compared temporal trend of the absenteeism data with data from existing community sentinel and
laboratory surveillance data

Results: We designed and implemented an ILI surveillance system utilizing smart card—based attendance tracking approach
for data capture. Weimplemented the surveillance systemin atotal of 107 schools (including 66 primary schools and 41 secondary
schoals), covering atotal of 75,052 children. The system successfully captured information on absencesfor 2 consecutive academic
years (2012-2013 and 2013-2014). The absenteeism data we collected from the system reflected ILI activity in the community,
with an upsurge in disease activity detected up to 1 to 2 weeks preceding other existing surveillance systems.

Conclusions; We designed and implemented a novel smart card technology—based school absenteeism surveillance system.
Our study demonstrated the feasibility of building alarge-scale surveillance system riding on aroutinely adopted data collection
approach and the use of simple system enhancement to minimize workload implication and enhance system acceptability. Data
from this system have potential value in supplementing existing sentinel influenza surveillance for situational awareness of
influenza activity in the community.

(JMIR Public Health Surveill 2017;3(4):e67) doi:10.2196/publichealth.6810
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Introduction

Methods

School asaHigh-Risk Setting for Disease Transmission

Transmission of respiratory virusinfections, including influenza
virus infections, has always been a major concern in schools
because of poorer personal hygiene practices, more frequent
person-to-person close contacts, and relatively lower preexisting
immunity among young children [1,2]. Besides associated
morbidity and mortality, respiratory virus infections can also
result in disruption to learning because of sickness absence[3]
or school closure[4]. Outbreaks of influenzarlikeillnesses (IL1s)
in schools often precede and may lead to further community
epidemics, with transmission through family members[5].

Surveillance of School Absenteeism

School absenteeism is now increasingly being employed as a
source of syndromic data for influenza surveillance to inform
epidemic and pandemic preparedness in different locations
[6-8]. Whereas previous studies generally suggested that school
absenteeism data is useful for reflecting community influenza
activity [9-11] and detecting outbreaks[12,13], data timeliness
and system acceptance remain as key determinants affecting
their usefulness for prospectively informing relevant public
health actions and reducing disease transmission [14,15].

Useof Smart Card Technology for Disease Surveillance

Although verba roll call with paper-based records till
represents the predominant approach for attendance taking in
most schools all over the world, a number of newer electronic
means of attendance tracking, including the use of smart card
technol ogy, have also emerged in the market. A smart card (also
called chip card or integrated circuit card) is a pocket-sized
plastic card embedded with integrated circuits, allowing for
individual identification, security authentication, data storage,
and application processing in a wide variety of settings,
including banking, retail business, bill payment, transportation,
custom control, and educational settings [16]. In recent years,
smart card technology—based systems are increasingly being
adopted for various administration purposesin all levelsof local
educational institutions. In this respect, the situation in Hong
Kong offers an unprecedented opportunity for ng whether
these automated data collection approaches in a school setting
may offer the potential to contributeto moretimely and efficient
disease surveillance. In apreviouspilot study, we demonstrated
the feasibility of employing smart card—based technology to
capture school absenteeism datafor surveillance purposes[17].
Here, we report further details on the implementation and
feasibility of building a comprehensive system for prospective
ILI surveillance among arepresentative network of local primary
and secondary schools in Hong Kong. On the basis of smart
card technol ogy, the system was being utilized to track absence
from school, supplemented with additional back end systems
for the automation of all subsequent steps required in the
surveillance process, including a process to capture the reasons
for absence.

http://publichealth.jmir.org/2017/4/e67/

Scientific M ethodological Approach

We designed and implemented our surveillance system
according to the standardized information infrastructure aslaid
out in the Protocol for a Standardized information infrastructure
for Pandemic and Emerging infectious disease Response
(PROSPER), with a view to better inform the three specific
functionsin relation to supporting influenza pandemic responses,
namely capacity and needs analysis (CNA), response design
modeling (RDM), and outcome and impact assessment (OIA)
functions[18].

Study Setting

Currently, IL1 surveillancein Hong Kong is administered under
the Centre for Health Protection (CHP) of the Department of
Health. The CHP prospectively monitors a number of data
streams from different networks of surveillance partners
covering different population subsectors. Sentinel doctors
networksincluded some 50 general practitioners (GPs) in private
practice, 65 general outpatient clinics, and sentinel Chinese
medicine practitioners in selected clinics, each reporting the
proportions of patient consultations having ILI (a body
temperature of 38.0°C plus cough or sore throat) on a weekly
basis. Other additional systemsincluded child care centers and
kindergartens reporting children suffering from fever or cough
and residential care homes for the elderly reporting inmates
having fever [19]. For primary and secondary schoolsin Hong
Kong, however, a mechanism does not exist for the prospective
monitoring of ILIs besides the passive reporting of any
confirmed or suspected outbreaks. After the severe acute
respiratory syndrome epidemic, most schools in Hong Kong
have required parents to monitor body temperature of their
children every day and to abstain from sending them to school
when having a fever, making absenteeism a suitable proxy for
disease surveillance[20]. Many schoolsin Hong Kong now use
smart cards rather than verbal roll call to track attendance at
school because of convenience and efficiency.

Design and I mplementation of the Surveillance System

In this study, we collaborated with BroadL earning Education
(Asia) Limited, the commercial developer of a Web-based
education and school administration platform (eClass) and
employed its smart card—based attendance tracking functionality
(eAttendance) for frontline data capturing. The eClass is an
integrated platform for learning, administration, and
communication, and eAttendance is a module that alows
automatic generation of attendance report for internal use, as
well asinaformat ready for submission to the Education Bureau
in Hong Kong. In apilot study run from 2008 to 2011, captured
data were sent to us from 20 schools by email on adaily basis.
Inthis study, we used the same approach for frontend automatic
data capture, with additional back end components developed,
using scriptsin the Linux Web server, to automate all subsequent
steps in the survelllance process, including data transfer,
cleaning, aggregation, analysis, and feedback intelligence report
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generation. The origina user interface of the school
administration system was customized with additional specific
features aiming to improve data specificity and completeness
and to minimize the time and workload involved in data
submission. This study was approved by theinstitutional review
board of the University of Hong Kong (HKU)/Hospital
Authority Hong Kong West Cluster.

Recruitment of Schools

We extended our initial invitation to all local schools using the
eAttendance system, targeting to recruit around 10.00% of local
schools to participate in the surveillance system. Interested
schools were visited by our research team to provide further
explanation on study details and logistical arrangement. In
consenting schools, we updated their eClass system as described
in the following sections.

Data Collection

After implementing the system, absenteeism data were
prospectively collected daily from al participating schools for

Figure 1. System architecture of the smart card-based school absenteeism
Kong, PHP: Hypertext Preprocessor, MySQL : structured query language.

Participating
school

Submit aggregated record

Ipetd

2 academic years using the system. We obtained data on
community sentinel IL1 surveillance from the CHP website and
laboratory surveillance datafrom aregional tertiary hospital in
Hong Kong (Queen Mary Hospital) as reference data and
compared their temporal pattern with that of the absenteeism
data We also obtained feedback from participating schools
regarding their experience of using the system by a short
questionnaire at the end of the study.

Results

Technical Details of the Implemented Surveillance
System

All system design and information technol ogy implementation
workswere completed by May 2012. Figure 1 showsthe overall
system and data flow architecture of the school absenteeism
surveillance system.
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Data Capture

Attendance data in participating schools were automatically
registered when students swiped their smart student identity
card on the card reader on entering their school (Figure 2).
Absenteeism was defined as a full day absence where the
swiping of asmart card was never registered during the whole
school day. Partial days of absenteeism, such as lateness to
school with late card swiping or early departure, were not
counted. On a daily basis, a list of absent students would be
displayed automatically on the user interface of the system in

Ipetd

each school for easy checking. In some participating schools,
the specific causes of absence werethen individually ascertained
by telephone call and manually recorded into the systemin free
text format by designated school staff. In our updated
surveillance system, a simple drop-down menu was added to
the user interface (Figure 3) to allow for easy and standardized
reporting of common causes of absence, such as ILI;
gastroenteritis, hand, foot and mouth disease; acute
conjunctivitis; other illnesses with specification; or
non-sickness-rel ated absence, to facilitate the capturing of these
more specific data.

Figure 2. Example student identity card (anonymized) and smart card reader.
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Figure 3. Screenshots of the user interface on the eClass eAttendance module, showing the steps for easy and standardised reporting of specific cause
of absence using the drop-down menu (step 2) and for automatic submission of aggregated surveillance datain a standardised format by the Save button
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Figure4. A sampleof the daily data submission filesin astandard comma separated values (CSV) datafile format, containing the number of absentees
(all-cause and cause-specific) and total number of enrolled students in each form of the school.
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Data Submission

During the initial pilot study (2008-2010), anonymized and
aggregated datafrom participating school swere sent to an email
account of our team, which was then manually downloaded
from the email account and uploaded to the HKU Web server
viaSecure Shell. Inthissurveillance system, asimple Saveicon
was added to the user interface of the school system to facilitate
automatic and efficient data submission on a daily basis with
minimal workload implication to school (Figure 3). On clicking
this icon by the school staff in each participating schooal,
anonymized and aggregated daily absenteeism data would be
automatically extracted from the school’s system and sent
directly to our central surveillance server viahypertext transfer
protocol secure performed via the secure socket layer (SSL)
connectionswith 2048-bit key. Daily datasubmission fileswere
in a standard comma separated values data file format,
containing the number of absentees (all-cause and I L I-specific)
and total number of enrolled students in the school (Figure 4).

Data Flow Architecture and Privacy

For the back end el ectronic system we constructed for automatic
datahandling, there are three layersin the dataflow architecture,
namely (1) Internet, (2) internal network, and (3) restricted
network (Figure 1). Internal network and restricted network are
protected behind both the external firewall and internal firewall,
where both are hosted by HKU. On the Internet, BroadL earning
(BL) eClass server collects submitted aggregated school
absenteeism records from the participating schools, which were
immediately transferred to our server. The BL server and the
HKU workstation arethe only 2 computerswith access allowed
by the externa firewall and the HKU Web server, with access
from any other sources being denied for maximal data security.
All transactions on the database server are logged in a separate
table in the same database. All access activities on both the
HKU Web server and the database server arelogged in two sets
of filesin different folders with World Wide Web Consortium,
or W3C, common log format.

http://publichealth.jmir.org/2017/4/e67/

Data Cleaning and Aggregation

After receiving the updated records, we set up automatic
processes on our HKU database server for prespecified data
processing, cleaning, and aggregation stepsto generate the data
for further analysis. Automatic data validation steps include
checking the school identity, school name, the date of cases,
the number of cases, and the number of students on that date.
Valid records are transferred in another SSL and inserted into
the database on the HKU database server. Invalid records are
stored in the HKU Web server folder for further manual checks
by the HKU staff.

Data Analysis

“All-cause absenteeism” was defined as any episode of absence
from school for any reasons. “ILI-specific absenteeism” was
defined as any episode of absence from school that was |abeled
asdueto either ILI, influenzaor upper respiratory tract infection
by adoctor or a parent, or when any symptom, including fever
or cough or sputum, was mentioned as a cause of the absence
if no such diagnostic label was available. Daily numbers of
all-cause and ILI-specific absentees were correspondingly
aggregated into a weekly count for the whole territory. The
weekly absenteeism rate was then calculated by dividing the
aggregated weekly absence counts by the total number of
enrolled studentsin all participating schools. Thiswas donefor
both all-cause and ILI-specific absenteeism. Two streams of
reference data, including the proportion of ILI consultations
among general outpatient attendancein the existing sentinel GP
surveillance network [19], and positive influenza detection rate
from hospital laboratory samples were used for comparison.
Timeliness of influenza peak comparison was performed by
comparing the weeks when the test data and reference data
streams showed the highest activities. Cross-correlation
coefficient (CCC) analyses using Pearson product-moment
correlation were aso done to assess the maximal correlation
between different time lags of the corresponding test and
reference data. All datareceived were anonymized for analysis.
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Figure5. Distribution of participating schools and population density (population/ km2) of the 18 districtsin Hong Kong.
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Feedback of Surveillance Intelligence

Two automated processes were developed for the feedback of
intelligence from this surveillance system to participating
schoolsand the wider community. A regular surveillancereport
was disseminated to all participating schools in an electronic
format, which consisted of an updated absenteeism trend in the
community and for each participating school, together with an
interpretation of the overall influenza disease activity in the
community and additional value-added health advice based on
the current disease activity. We aso included the data stream
in a surveillance dashboard that we previously developed for
dissemination of surveillance intelligence to the community
[21].

Feasibility of Routine Surveillance

We successfully recruited atotal of 107 schools (including 66
primary schoolsand 41 secondary schools) from all 18 districts
in Hong Kong to participate in the project (Figure 5), with a
total of 75,052 enrolled students, covering 9.83% (107/1088)
of schools, 11.6% (66/569) of primary schools and 7.9%
(41/519) of secondary schools, and 10.19% (75,052/736,229)
of the student population in Hong Kong. All participating
schools received a system update of their eClass system, with
atraining session offered to responsible staffs for operating the
updated system interface. Besides data submission using the
updated system interface as detailed above, no additional
workload was imposed on school staffs. A telephone hotline
was al so maintained by our staff to answer any queriesand offer
technical assistance that may be needed. With the newly
developed system, daily absenteeism datafrom all participating
schools were collected for 2 academic years from September
2012 to June 2014; each academic year startsin September and
finishesin June of the subsequent year in Hong Kong, covering
atotal of four seasonal influenza epidemicslocally (two winter

http://publichealth.jmir.org/2017/4/e67/

and two summer epidemics). In general, the system took around
3 to 4 working days from data capturing to information
dissemination. The longest time lag was the lag of 2 to 3 days
between data submission and completion of data analysis,
mainly to wait for data from all schools to be submitted.
Reporting of all-cause absenteeism data was complete (100%)
by al 107 participating schools reported. The number of schools
reporting IL1-specific absenteeism data using the drop-down
menu was initially only 13 (12.1%, 13/107) when they were
first recruited, which increased to 38 (35.5%, 38/107) by the
end of the project.

Among al 75,052 students in 107 schools, there were a mean
all-cause weekly absencerate of 2.5% (ranging from 0%-6.4%)
and mean | LI-related daily absence rate of 0.7% (ranging from
0%-1.6%) over the study period. Figure 6 shows the temporal
patterns of all-cause and ILI-specific school absenteeism rates
in relation to two other sources of surveillance data, including
the proportion of ILI patients among general outpatient
consultations in the existing sentinel GP surveillance network
[19] and positiveinfluenza detection rate from hospital samples.
Generally, therate of school absenteeism varied over the course
of 2 years, with four periods of elevated absence over the study
period that corresponded well with seasonal influenza activity
as reflected by the laboratory detection data. Compared with
data from the sentinel GP network, the rise, peak, and fall of
influenza epidemic activities were much better delineated by
the tempora trends reflected by either the al-cause or
ILI-specific absenteeism rate. Two of the four epidemic peaks
matched exactly temporally with the GP data. The remaining
two peaks (early 2013 and early 2014), shown by the
school-based surveillance, occurred 1 to 2 weeks before the
peaks shown by the GP data. Result of cross-correlation analysis
reveal ed that the maximum correlation occurred with a 3-week
lag with the test data preceding the reference data, both between
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the ILI-specific absenteeism and laboratory data (Max
CCC=.434 at lag=3) and between the IL| specific absenteeism
and the GP data (Max CCC=.311 at lag=3). These observations
agreed with our previous finding from the pilot study that
epidemic peaks demonstrated by the school-based surveillance
system can precede those shown by the sentinel GP network by
1to 3weeks[17].

Ipetal

Feedback from participating schools suggested that the
surveillance system was generally well accepted, with 47/72
schools responding to our survey performed when the system
had been running for 2 years. We found that 81% of schools
agreed that the upgraded system was simple and easy to operate,
and 64% of schools responded that data from the system were
useful in enhancing their understanding of ILI activity in their
schools.

Figure 6. All-cause (thick line) and influenza-like illness (IL1)-specific absenteeism rate (thin line) of students from participating local schools (top),
positive influenza isolation rate from Queen Mary Hospital, Hong Kong (middle), and ILI consultation rate of the sentinel general practitioner (GP)

network (bottom), 2012-2014.
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Discussion

Principal Findings
We have reported the implementation of a comprehensive ILI

surveillance system in schools to fill an existing surveillance
gap in Hong Kong. Our study demonstrated the feasibility of

http://publichealth.jmir.org/2017/4/e67/

JUEmTaTMutyTATsToTNTD
2013

2014

using smart card-based technology for tracking attendance data,
with the automation of subsequent steps by additional back end
systems, for infectious disease surveillance in primary and
secondary schools settings. As far as we are aware, thisis the
first prospective ILI surveillance system among schoolsin Hong
Kong and the first disease surveillance system utilizing smart
card technology intheworld. Our system isdesigned to support
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the various functions of an information infrastructure needed
to support pandemic response as detailed in the PROSPER
protocol. The continuous baseline surveillance data collected
in astable and standardized manner in interpandemic times can
help to inform the CNA and RDM functions. The
customizability of the system helps to calibrate detection
algorithmsin the CNA function with regard to the new pathogen
and epidemic. Datafrom the system also allows OI A for school
closure and other relevant public health interventions targeted
to reduce disease transmission in the school setting [18].

Although absenteeism surveillance in schools is a component
of influenza surveillance and pandemic preparedness plan of
many countries, this is generaly neither the primary
responsibility nor of ahigh priority for frontline teachersfacing
many competing educational and administrative duties in the
school setting. For any surveillance system to be sustainable,
additional workload for system operation needsto be minimized
to enhance its acceptability and stability. Different Web-based
approaches to facilitate data reporting were tried in previous
disease surveillance studies, including a short-term system built
for specia events [22] and an adjunct system during the 2009
evolving pandemic [11]. Workload minimization, however, was
not always achievablein practice, especially when an unfamiliar
approach was being introduced in anew system. A recent school
absenteei sm surveillance system empl oying mobile devicesand
Web-based platforms for data reporting had poor acceptability
and sustainability as a result of the extra workload required
outside the normal daily routine of teachers[15]. Later attempts
to usefingerprint scanning for automati ¢ attendance data capture
were also not successful as a result of the technical difficulty
for a significant number of students to be accurately scanned
by the system [15].

Comparing with other electronic approaches, smart card-based
technology represents a simple and more reliable approach for
automatic data capture. Its capabilitiesfor automatic data capture
and immediate compilation for downstream uses offer an
advantage of improved data timeliness, making it an ideal
approach to inform real -time disease surveillance with minimal
additional workload implication for its ongoing collection. By
riding on an existing electronic school administration system
routinely in use at schools and already familiar to the frontline
user, our system avoided potentia problems with acceptability
and helped to minimize additional workload required for data
collection and system operation.

Our design approach may serve as an example to demonstrate
how starting from an existing platform with some very simple
system customization may help to facilitate theimplementation
and improve the functioning of a surveillance system. The
addition of adrop-down menu is aimed to reduce the workload
for the reporting of disease-specific information. Thismay have
contributed to improve acceptability of the procedure as
demonstrated by the increasing number of schools willing to
collect and report such data over the course of the study. The
standardized reporting of disease-specific absenteeism data is
aimed to improve specificity of the system and offered a
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theoretical potential for the system to adapt for surveillance of
other infectious diseases of outbreak potentia in the school
setting. Although we currently analyzed our data in weekly
aggregation as all other existing local ILI surveillance systems
to facilitate comparison, data from our system may allow for
daily analysis when a more frequent surveillance is deemed
necessary during an emerging epidemic.

Limitations

Our system has anumber of limitations. First, validity of school
absenteeism data in reflecting influenza activity is contingent
on the compliance of students refraining from going to schools
when being sick. However, we cannot ascertain the degree of
nonadherence of schoolsand studentsto this policy, which may
underminethe performance of this system. Thismay also affect
the generalizability of the results to places where illness
absenteeism practice are different because of local cultural or
socioeconomic factors. Second, the ascertainment of the cause
of absence still has to be done though a manual process. As a
result of the additional workload implication, cause-specific
absence datawere only captured by a portion of schoolsin our
system. This could be mitigated in future by enhancing the
system to collect information from parents, for example, by
sending an email or SM Stext messaging (short service message,
SMS) to parents to notify them of their child's absence and
requesting them to provide a reason, with options such as ILI
given. Third, data collection is only feasible on normal school
days, and data gaps are present during school breaks and
holidays (Figure 6), which limited the possibility for continuous
surveillance during those periods.

Conclusions

In conclusion, we have demonstrated the feasibility of building
and implementing a large-scale surveillance system by
employing aroutinely adopted smart card-based approach for
automatic data capture in schools, supplemented by simple
automation of later steps required for prospective surveillance.
The absenteeism data we collected from the system reflected
ILI activity in the community and we were able to detect an
upsurge in its disease activity in a more timely manner than
other existing surveillance data. Aswe previously demonstrated
that the alerting of the onset of an epidemic can be greatly
enhanced in terms of sensitivity and timelinessby the monitoring
of multistream surveillance data [23], our absenteeism data is
potentially useful for supplementing existing systemsin Hong
Kong for monitoring the trend of influenza disease activity in
the community. With the increasing popularity of smart
card—based electronic health record systemsin different health
care utilization settings [24,25], it offers an unprecedented
potential for novel surveillance and risk monitoring systemsto
be developed based on this technology [26]. Our experience
would be referential for other countries and cities facing a
similar problem and in need of improving their existing
surveillance systems, particularly in showing how this can be
achieved by suitably and creatively adapting to an existing
system.
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Abstract

Background: Theincreasing popularity of hookah (or waterpipe) use in the United States and el sewhere has consequences for
public health becauseit has similar health risksto that of combustible cigarettes. While hookah userapidly increasesin popularity,
social media data (Twitter, Instagram) can be used to capture and describe the social and environmental contexts in which
individuals use, perceive, discuss, and are marketed this tobacco product. These data may allow people to organically report on
their sentiment toward tobacco products like hookah unprimed by a researcher, without instrument bias, and at low costs.

Objective: This study describes the sentiment of hookah-related posts on Twitter and describes the importance of debiasing
Twitter data when attempting to understand attitudes.

Methods: Hookah-related posts on Twitter (N=986,320) were collected from March 24, 2015, to December 2, 2016. Machine
learning models were used to describe sentiment on 20 different emotions and to debias the data so that Twitter posts reflected
sentiment of legitimate human users and not of social bots or marketing-oriented accounts that would possibly provide overly
positive or overly negative sentiment of hookah.

Results: Fromtheanalytical sample, 352,116 tweets (59.50%) were classified as positive while 177,537 (30.00%) were classified
as negative, and 62,139 (10.50%) neutral. Among all positive tweets, 218,312 (62.00%) were classified as highly positive emotions
(eg, active, dert, excited, elated, happy, and pleasant), while 133,804 (38.00%) positive tweets were classified as passive positive
emotions (eg, contented, serene, calm, relaxed, and subdued). Among all negative tweets, 95,870 (54.00%) were classified as
subdued negative emotions (eg, sad, unhappy, depressed, and bored) while the remaining 81,667 (46.00%) negative tweets were
classified as highly negative emotions (eg, tense, nervous, stressed, upset, and unpleasant). Sentiment changed drastically when
comparing a corpus of tweets with social bots to one without. For example, the probability of any one tweet reflecting joy was
61.30% from the debiased (or bot free) corpus of tweets. In contrast, the probability of any one tweet reflecting joy was 16.40%
from the biased corpus.

Conclusions: Socia mediadata provide researchers the ability to understand public sentiment and attitudes by listening to what
people are saying in their own words. Tobacco control programmers in charge of risk communication may consider targeting
individual s posting positive messages about hookah on Twitter or designing messages that amplify the negative sentiments. Posts
on Twitter communicating positive sentiment toward hookah could add to the normalization of hookah use and isan area of future
research. Findings from this study demonstrated the importance of debiasing data when attempting to understand attitudes from
Twitter data.

(JMIR Public Health Surveill 2017;3(4):e74) doi:10.2196/publichealth.8133
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hookah; waterpipe; Twitter; social media; bots; big data; sentiment
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Introduction

The popularity of hookah (or waterpipe) useisincreasing among
youth and young adults in the United States and el sewhere [1].
Thisincrease will have consequencesfor public health because
hookah use has similar health risks to that of combustible
cigarette use [2,3]. Hookah is often perceived as safer than
cigarettes[4] and is subject to lessregulation [5]. For example,
hookah is offered in a variety of flavors and often receives
exemptions on smoking bansin barsand nightclubs. Ashookah
use increases in popularity, social media data (Twitter,
Instagram) can be used to capture and describe the social and
environmental context in which individuals use, perceive,
discuss, and are marketed this tobacco product [6]. These data
may allow peopleto organically report on their sentiment toward
tobacco productslike hookah unprimed by aresearcher, without
instrument bias, and at low cost [7].

In arecent study analyzing hookah-related posts on Instagram,
researchers reported that hookah was often cross-promoted with
alcohol by nightclubs, bars, restaurants, and hookah lounges
[8]. Instagram posts often showed hookah usein social settings
as well as stylized and elaborate waterpipes [8]. Twitter posts
have previously been used to study hookah. Krauss et a coded
asample of 5000 hookah-related tweets and reported that 87%
of the tweets in their sample normalized or made hookah
smoking appear common or portrayed positive experienceswith
smoking hookah [9]. The authors aso noted that only 7% of
tweets were against hookah or discouraged its use [9]. Grant
and O’ Mahoney coded a sample of 4439 tweets and reported
that 59% of tweets were positive about hookah use, with 3%
negative, 21% lacking sentiment, and 17% unclassifiable [10].
Myslin et al analyzed a sample of 7362 tobacco-related tweets,
some referencing hookah, and found that sentiment toward
tobacco was overall more positive (46% of tweets) than negative
(32%) [11].

In this study, we demonstrate the feasibility of a Twitter-based
“infoveillance” [6] methodology to document sentiment of
hookah-related posts. This study also relied on machinelearning
to debias the data so that Twitter posts were reflective of
sentiment of legitimate human users and not of socia bots or
marketing-oriented accountsthat would possibly provide overly
positive or overly negative sentiment [12-14]. As Allem and
Ferrara described, “Studies using tweets and that aimed at
gaining insights to individual-level attitudes and behaviors are
now faced with datawith substantial biasand noise. Any results
drawn upon this data and not preprocessed with de-noising
techniqueslose validity and significance” [14]. To demonstrate
the importance of debiasing Twitter data, comparisons were
made between corpuses of tweets that included and excluded
socia bots. Findingsfrom this study can inform tobacco control,
demonstrate the utility in using sociad media data in
understanding attitudes, and demonstrate the importance of
debiasing Twitter datawhen attempting to understand attitudes.

Methods

Data were obtained from Twitter's Streaming Application
Program Interface (API) based on Twitter4J libraries, an open

http://publichealth.jmir.org/2017/4/e74/
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source database of javalanguage used to analyze data from the
API. Software was written to automate this process. Tweets
posted between March 24, 2015, and December 2, 2016, were
collected. The root terms used to collect the sample of tweets
were hookah(s) or hooka(s) or sheesha(s) or shisha(s) or sesh(s).
The root terms could have appeared in the post or in an
accompanying hashtag, for example, hookah or #hookah. While
the word waterpipe is commonly used in academic papers and
presentationsto refer to hookah, itisuncommon for individuals
to use thisterm on social mediaand it was thus not included in
this study [15].

The root terms used to collect tweets during the study period
resulted in an initial corpus of tweets (N=986,320). However,
Twitter has quickly become subject to third party manipulation
where social bots, or computer agorithms designed to
automatically produce content and engage with legitimate human
accounts on Twitter, are created to influence discussions and
promote specificideasor products[12-14]. Social botsare meant
to appear to be everyday individual s operating Twitter accounts
that are complete with metadata (name, location, pithy quote)
and a photo/image. Social bots make indiscriminate references
toan array of content while at the same time perpetuating select
conversations giving the appearance that a specific topicismore
prominent than it actually is offline. In order to debias the data,
select features—(1) the timing of tweets (periodic and regular),
(2) spam or not (if the post contains known spam), and (3) ratio
of tweets from mobile versus desktop (as compared to the
average human Twitter user)—were used to differentiate
between legitimate human accounts and social bots following
the methods described by Chu et a [16].

Additionally, certain criteria such as information diffusion
patterns (based on Twitter’s message forwarding function known
as “retweets’ or mentions), friend features (ratio of followers
to followees), content (frequency of nouns/verbs/adverbsin a
tweet in comparison to a legitimate human account), and
sentiment features (derived from emotion scores) following
Ferraraet a’smethodswere combined to arrive at asingle score
that indicated if a Twitter account was a social bot or not [13].
Exactly 296,338 (30.04%) of theinitia posts were determined
to befrom social botsand were removed from the corpus. Since
marketing-specific tweets would not reflect public sentiment,
they were manually removed based on occurrence of certain
keywords. For example, “1100mah” (strength of hookah) was
one such term commonly found in marketing posts. The number
of marketing-specific tweets removed was 98,190, resulting in
the final analytical sample of 591,792 tweets (Figure 1).

After debiasing the data, machine learning methods for natural
language processing (NLP) were used to identify sentiment of
tweets. NLP primarily involves either rule-based reasoning or
automated inference logic, and in this study we used both
approaches. Rule-based reasoning involves explicit rules to
identify a sentence as “ positive” or “negative” Specific words
or phrases were labeled and put on a spectrum ranging from -4
to 4, following the method of Hutto and Gilbert [17]. For
example, anegative word such as“horrible” hasavalue of -2.5
and a positive word such as “wonderful” has a value of 2.7.
Words and phrases were added to a list, and based on their
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occurrencein atweet, an overall sentiment score was calculated
for each tweet.

In addition to these explicit values, certain grammatical
structures in English were exploited to add to or subtract from
the overall sentiment scores. Capital letters, punctuation like
an exclamation point, or degree modifiers such as “ extremely”
or “very” followed by a positive or negative word were
considered twice. For example, “very happy smoking hookah”
considered the word “happy” occurring twice because of the
degree modifier “very” preceding it. Additionally, grammatical
features such asthe use of theword “but” show ashift in polarity
of the words following it. By considering the shift in polarity
in astatement, we could capture n-gram features (an n-gram is
a phrase with n words). For example, we could identify the
sentiment from the sentence “the hookah here isn't really all
that great” as negative.

To determine the performance of the rule-based reasoning
model, the sentiment output of the tweets was analyzed. The
rule-based reasoning sentiment analysis provided an F score of
0.96. The F score isameasure of atest’s accuracy that reflects
the balance achieved between identifying cases correctly and
recalling a high number of correct cases. In NLP, it considers

Figure 1. Flowchart of how the analytic sample was derived.

In order to utilize an SVYM model, the data have to be prepared
as follows. (1) First the tweets are cleaned to permit uniform
analysis using a process caled tokenization that involves
removing uniform resourcelocators (URLs) and unrecognizable
UTF-8 encoding forms from the text of tweets along with stop
wordssuch as“the” and “an,” which frequently occur in spoken
and written language but do not convey sentiment. Hypertext
markup language (HTML) tags were replaced by whitespace,
and then a pattern-matching algorithm was used to recognize
any trailing URL patterns that remained in the text. (2) This
preprocessing step a soincluded allowing the model to recognize
emoticons (eg, ©), dang, and aggravated language usage (eg,
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both “Precision” or “P’, which answers the question, “What
portion of what you found was ground truth (eg, what percent
of true cases were categorized accurately)?’ and “Recall” or
“R”, which answers the question, “What portion of the ground
truth did you recover (eg, what percentage of true casesdid you
recall?” The F score is the harmonic mean of P and
R=[(2* P*R)/(P+R)].

The rule-based reasoning model was considered as areference
point, or baseline model, to inform amodel based on a support
vector machine (SVM) algorithm. Combining a manual
rule based method with an automated one like SVM provided
us with a more generalized solution for sentiment analysis. In
the implementation of this algorithm, the model wastrained on
the SemEval [18] and the ISEAR [19] emotion datasets, and on
an emotion-tagged tweet corpus that has been established in
past studies to identify sentiments [20] with cross-validation.
This comparison served to validate our results. Based on the
frequency of occurrence of n-gram phrases from the SemEval
[18] and ISEAR [19] datasets, the tweet corpus (test data) was
tagged with the appropriate sentiments and scored. The
aggregate emotion score of all tweetswas calculated asalinear
combination of the given emotion scores for individual tweets.

986k tweets were collected during study period

296k tweets (30% of initial sample) from social
bots were removed

98k marketing-specific tweets [10% of initial
sample) were removed

591k tweets comprised the final analytical sample
{60% of initial sample)

“thisis grrrrrreat!”). Emoticons were unified so that al types
of smiley faceswere considered one, whileall types of sad faces
were considered one. Slang was corrected and punctuation was
fixed, for example, “don’'t” and “dont” were treated as one.
Gerunds or stemming in NLP were handled by the program
Porter’s Stemmer [21], and €l ongations were removed to correct
for aggravated language usage. (3) Part of Speech (POS) tagging
was done using CoreNL P's POStagger [22], in order to identify
verbs, nouns, adjectives, and prepositions. Russell’s range of
20 different emotions was used to tag tweets from unpleasant
to pleasant on a negative to positive scale [23]. The SVYM
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algorithm was used to generate feature vectors and arrive at a
sentiment score for each tweet (F=0.90).

In order to quantify and compare the impact of biasfrom social
bots, we reduced the 20 levels of emotions down to 5 primary
emotions (anger, fear, joy, sadness, disgust) as described by
Bradley et al [24]. We then report the specific probabilities that
atweet will have a specific sentiment from each corpus of tweets
directly comparing the corpus of tweets from legitimate human
accountsto that of tweets from the corpuswith human accounts
and social bots.

Results

A majority of tweets 352,116 (59.50%) were classified as
positive while 177,537 (30.00%) were classified as negative
(Figure 2), and 62,139 (10.50%) neutral. Among all positive
tweets, 218,312 (62.00%) were classified as highly positive
emotions (top right quadrant of Figure 2), for example, active,
alert, excited, elated, happy, and pleasant. The remaining

Allemet a

133,804 (38.00%) positive tweets were classified as passive
positive emotions (bottom right quadrant of Figure 2), for
example, contented, serene, calm, relaxed, and subdued. Among
al negative tweets, 95,870 (54.00%) negative tweets were
classified as subdued negative emotions (bottom left quadrant
of Figure 2), for example, sad, unhappy, depressed, and bored.
The remaining 81,667 (46.00%) were classified as highly
negative emotions (top left quadrant of Figure 2), for example,
tense, nervous, stressed, upset, and unpleasant. The results
changedrastically once tweetsfrom socia botsarein the corpus.
Among the 888,130 tweets (tweets from individual accounts
and socia bots but excluding marketing), 324,331 (36.52%)
were classified as negative, while 300,660 (33.85%) were
classified as positive and 263,139 (29.63%) neutral. When
reducing the 20 levels of emotion down to 5 primary emotions,
the probability of any onetweet reflecting joy was 61.30% from
the debiased (or bot free) corpus of tweets (Figure 3). In contrast,
the probability of any onetweet reflecting joy was 16.40% from
the biased corpus (Figure 4).

Figure 2. Tagged tweets showing range of emotions from unpleasant to pleasant.
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Figure 3. Probability of one tweet's specific sentiment from the debiased (or social bot free) corpus of tweets.
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Figure 4. Probability of one tweet's specific sentiment from the biased corpus.
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Discussion

Principal Findings

Social mediadata provide researchers the ability to understand
public sentiment and attitudes by listening to what people are
saying in their own words. By using Twitter data, we had the
ability to document and describe individuals' sentiment toward
a tobacco product without being primed by a researcher,
allowing for spontaneous comments to emerge. We found that
the majority of hookah-related posts on Twitter conveyed
positive sentiment. Positive posts on Twitter may serve as a
screener indicating that an individual is in need of
tobacco-related education to reduce misconceptions about a
product or to reduce positive social norms about that product.
Tobacco control programmersin charge of risk communication
may consider targeting individuals posting positive messages
about hookah on Twitter or designing messages that amplify
the negative sentiments. Twitter may be used to bolster thereach
and delivery of health information that communicates the risk
of tobacco use [25-27], and social media interventions hold
promise for getting people to consider stopping smoking [28].

In comparison to earlier studiesthat relied on sample sizes small
enough to reasonably code by hand [9,10] during brief study
periods [9-11], we collected hundreds of thousands of Twitter
posts continuously over 20 months that pertained to hookah.
We also trained machine learning algorithms to automatically
determine sentiment of these posts following Russell’s [23]
range of emotions to predict a sentiment score on 20 different
emotions on a two-dimensional scale demonstrating greater
depth in sentiment classifications. Thisrange of emotion reflects
a greater systematic assessment of sentiment than prior work
that relied on dichotomous classification based on subjective
individual judgment [9-11]. While Twitter posts referenced
hookah use in a happy, excited, and aert fashion, posts also
referenced hookah use in more passive ways. These nuances
may reflect the social and environmental contexts in which
hookah use often takes place. Posts on Twitter conveying

http://publichealth.jmir.org/2017/4/e74/

Fela: Sad:ﬂess Dlséust
positive sentiment toward hookah could add to the normalization
of hookah use and is an area of future research.

While in this study, 30% of hookah-related posts contained
negative sentiment, earlier studies found that negative posts
were relatively rare. For example, Grant et a reported 3% of
Twitter posts in their data conveyed negative sentiment [10].
This discrepancy could be aresult of the sample size (n=4439)
or short study period (1 week) in prior work [10]. Alternatively,
findings from previouswork may have been biased dueto social
bots in the Twitter data[14].

In this study, 296,338 Twitter posts were removed because they
were found to be from socia bots and would not accurately
reflect individual sentiment toward hookah use. This number
reflects 30% of the initial data that comprised the corpus of
tweets. Removing social bots from the analytical corpus had
marked effects on theresults. The bot free corpus reflected that
the overall sentiment was positive (eg, 59.5% of tweets were
positive). The corpus that included bots and human accounts
together reflected that only 33.9% of tweetswere positive. While
sentiment in tweetsisonly one of many possiblewaysbiasfrom
social bots can distort Twitter data, the findings from this study
highlight the importance of debiasing data collected from
Twitter in order to uncover the rich and nuanced information
availableto health researchersrelying on social mediadataand
aimed at understanding public attitudes [14].

Limitations

Data relied on Twitter's Streaming AP, which prevented us
from collecting tweetsfrom private Twitter accounts. Asaresult,
findings may not represent the sentiment toward hookah from
individuals with private accounts. The result that more tweets
were found to convey a positive sentiment than a negative one
should be considered circumstantial and not absolute. While
we identified the overall sentiment of posts, we did not track
individual usersto seewhether their posts about hookah change
over time. Additionally, a post classified as negative does not
necessarily mean the person dislikes hookah. Rather, it means
the post had more words conveying negative sentiment than

JMIR Public Health Surveill 2017 | vol. 3 |iss. 4 |€74 | p.30
(page number not for citation purposes)


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

JMIR PUBLIC HEALTH AND SURVEILLANCE

positive. The method used in this study for bot detection is not
a perfect system but scores a detection accuracy above 95%
suggesting biases from inappropriate removal of legitimate
accountsis minimal [13].

Allemet a

incorporated into public health media campaigns to reduce
acceptance of hookah. It also illustrated the importance of
debiasing Twitter data so that posts reflect sentiment of
legitimate human wusers and not of social bots or

marketing-oriented accountsthat could possibly provide overly
positive or overly negative sentiment of hookah. Findings should
spur efforts to better understand the consequences of
hookah-related discussions on Twitter as an informative tool in
planning tobacco control efforts.

Conclusion

Despite these limitations, this study demonstrated the utility in
using social mediadata to understand public attitudes that may
influence acceptance of tobacco products such as hookah and
defined types of positive and negative attitudes that could be
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Abstract

Background: An extended discussion and research has been performed in recent years using data collected through search
gueries submitted via the Internet. It has been shown that the overall activity on the Internet is related to the number of cases of
an infectious disease outbreak.

Objective: The aim of the study was to define asimilar correlation between data from Google Trends and data collected by the
official authorities of Greece and Europe by examining the development and the spread of seasonal influenzain Greece and Italy.

Methods: We used multiple regressions of the terms submitted in the Google search engine related to influenzafor the period
from 2011 to 2012 in Greece and Italy (sample datafor 104 weeks for each country). We then used the autoregressive integrated
moving average statistical model to determine the correlation between the Google search data and the real influenza cases
confirmed by the af orementioned authorities. Two methods were used: (1) aflu score was created for the case of Greece and (2)
comparison of data from aneighboring country of Greece, which is|taly.

Results: The results showed that there is a significant correlation that can help the prediction of the spread and the peak of the
seasonal influenzausing datafrom Google searches. The correlation for Greecefor 2011 and 2012 was .909 and .831, respectively,
and correlation for Italy for 2011 and 2012 was .979 and .933, respectively. The prediction of the peak was quite precise, providing
aforecast before it arrives to population.

Conclusions: We can create an Internet surveillance system based on Google searches to track influenzain Greece and Italy.

(JMIR Public Health Surveill 2017;3(4):€90) doi:10.2196/publichealth.8015

KEYWORDS
Google Trends; influenza; Web, syndromic surveillance; statistical correlation; forecast; ARIMA

considered as an important example for syndromic surveillance

Introduction and response.

Syndromic Surveillance on Influenza

Syndromic surveillance systemsrefer to monitoring of infectious
diseases through data collection from various sources. Thisis
accomplished by setting indicators and methods and publishing
reports for early detection of an infectious disease. The desired
result isto minimize the extensive spread in the popul ation and
take precautionary measures.

These systems operate both at national and international levels
and provide useful data and guidelines to deal with various
outbreaks of different pathogens and infections. Influenza is

http://publichealth.jmir.org/2017/4/€90/

At the internationa level, the World Health Organization
(WHO) has launched the Global Influenza Program [1]. It
provides support to member states for a more efficient
coordination of national health systems and for the proper
preparation against seasonal influenza outbreaks.

Special monitoring and laboratories projects are used, such as
the Global Influenza Surveillance and Response System [2].
This surveillance system works under the Pandemic Influenza
Preparedness Framework. It became effective after the May 24,
2011 adoption by the 64th World Health Assembly [3].
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In Europe, the competent public health authorities use the
European Influenza Surveillance Network (EISN) [4] that
combines epidemiological and virological surveillance of
influenza. The purpose of this network is to assist in public
health decision making. It provides expertsin European Union
(EU) or European Economic Area member states with the
information required for better assessment of influenza activity
in Europe, resulting in the appropriate action. Finally, EISN’s
goa is to contribute in reducing the costs associated with
influenzain Europe. Epidemiological and virological influenza
surveillance data are collected through the European
Surveillance System [5].

As described in the Fact Sheet no. 211 (revised March 2003)
of WHO [6], influenzais caused by avirus that mainly attacks
specific parts of the human body, for example, nose, throat,
bronchi, and rarely the lungs. The main symptoms are high
fever, myalgia, headache and severe malaise, nonproductive
cough, sore throat, and rhinitis. Severe health complications of
influenza virus infection in susceptible individuals include
pneumonia and eventually death. The influenza virusis easily
transferred from person to person through air. It entersthe body
through the upper respiratory tract (nose or throat) when a
person coughs or sneezes. A few days may pass before a
patient’s symptoms are clearly recognized. The development
of symptoms may not be clear on thefirst day; however, it can
be recognized after 7 days. Upper respiratory tract infections
affect 5% to 15% of the population. The estimated annual impact
of severe illness cases on the population is 3 to 5 million;
250,000-500,000 of which die. The spread of the disease among
the population is very quick, especially in crowded cases. The
survival period of the virus outside the body can be further
enhanced in cold and dry weather. Consequently, the seasonal
epidemicsin temperate areas occur in winter. Influenza mostly
appearsin the weakest portion of population; people older than
65 years or those with serious health problems such as lung
diseases, diabetes, cancer, and kidney or heart problems.

The corresponding health costs are high. Only in the United
States, large sums of money are directed to influenza treatment
and hospitalization. The annual cost for the United States [7]
isUS$71to 167 billion. In Russia[8], the government allocated
4 billion rubles (US $140 million) to buy the initial 43 million
doses of vaccinesto perform mass swine flu vaccinationsin the
year 2009. Russia planned to have 35.5 million doses before
the end of thisyear.

Related Research

Web data is now frequently being used in research conducted
by scientists, and they show that the Internet may be an
alternative source for collection of data that indicate the
development of asyndromic disease using search engine queries.
Eysenbach [9] and later also Ginsberg et a [10] examined the
potential of Google search queriesto track influenza-likeillness
in a population. The latter work uses data from the US Centers
for Disease Control and Prevention (CDC) for influenza and
linear regression methods to reveal statistical correlations and
using the most significant keywords most searched into Web
queries, constructs akind of flu score and examinesits statistical
correlation to the data from the national disease center. The

http://publichealth.jmir.org/2017/4/€90/
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results of both studies showed that Web queries indicate the
public interest and follow the actual spread of influenza in
Canada or the United States, respectively.

Syndromic surveillance relies on the real-time use of information
about the population to identify health issues of concern, and
itisthe current tool used by public health authoritiesto address
them before they become epidemics. Consequently, asyndromic
surveillance system implements a variety of outbreak detection
algorithms, requiring agood understanding of the strengthsand
limitations of various detection techniques and their
applicability. For example, Ping et a used data which were
available viathe Web and from physicians' databases [11].

Our group has conducted similar research for another infectious
disease (scarlet fever) in the United Kingdom. We used Web
data [12] from Google Insights for Search [13], which is now
merged with Google Trends [14]. We correlated data using
linear regression techniques and exploiting the benefits and
properties of the gamma distribution.

Hopkins University researchers in Baltimore, United States,
find Google Flu Trends a powerful early warning system for
emergency departments (EDs) [15]. This study [16] was a
retrospective observational study of patients with symptoms of
influenza. These patients presented to urban academic EDs in
Baltimore, Maryland. The annual visits were 60,000 for adults
and 24,000 for pediatric cases. The period of the visits was 21
months, from January 25, 2009 to October 3, 2010.

According to the CDC's definition of fever and cough or sore
throat, the researchers used the CDC's traditional surveillance
methods reporting system from January 25, 2009 to October
18, 2009 and an ED electronic reporting system (from October
18, 2009 to October 3, 2010).

Google Flu Trends weekly data were collected for Baltimore,
Maryland. They also collected data from ED, CDC-reported
standardized influenza-likeillness (IL1) data, and influenzadata
confirmed by laboratories.

The datawere analyzed separately for adult and pediatric cases
and correlated to the Google data using cross-correlation
functions. The conclusions of this study were that city-level
Google Flu Trends shows strong correlation with influenza
cases and EDsS ILI visits, validating its use as an ED
surveillance tool. Google Flu Trends correlated with several
pediatric ED crowding measures and those for low-acuity adult
patients.

Two other research studies were conducted using the
autoregressive integrated moving average (ARIMA) model, by
Dugaset a (Influenza forecasting with Google Flu Trends) [17]
and by Preis and Moat (Adaptive now casting of influenza
outbreaks using Google searches) [18]. This model combines
autoregression and moving average model into one, as will be
described further in the Methods section of this paper.

Recent research [19,20] has a so shown the potential use of the
Google Search engine to track influenza. The research on the
use of Google revealsthe strong statistical correlation between
Google searches and influenza, even though there are variations
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over geographic location and time limits of this kind of
estimation.

In 2017, several studies[21] investigated the use of the Internet
to reveal the connections between the social activity on the
Internet and the development of various diseases and mental
disorders or problems such as norovirus epidemics, breast
cancer, depression, cannabis dispensaries, Zika virus, Ebola
virus, other drugs, Lyme borreliosis, whiplash syndrome, etc,
using Google, Twitter, or other Internet sources.

In this study, we examine the development and the spread of
seasonal influenzain Greece and Italy. Our goal isto definethe
correlation (and finally accomplish prediction patterns) between
data from Google Trends and data collected by the Hellenic
Center for Disease Control and Prevention (KEELPNO) [22]
for Greece and data from the European Center for Disease and
Control (ECDC) for Italy. The case as it pertains to Greece is
quite different from those on previous studies. Thisis because,
using the data from Google Trends for the term influenza, the
correlation coefficient (Pearson r) is very low at .554 . This
means that we cannot create estimation and prediction patterns
using this keyword. For the Greek word of influenza (I'pttn
in Greek language), there are some data for years 2011 and
2012, but they are not very reliable. The following Methods
and Results sections address the aforementioned problem.

Methods

Data Used
For the purposes of this study, we used datasets as follows:

«  Weekly datafor ILI fromthe sentinel system of KEELPNO
for theyears 2011 to 2012 (105 weeks), for which we could
find data. In Greece, through the sentinel system, the
influenza activity is monitored on a weekly basis. This
system consists of three basic networks: (1) from selected
health units of thelargest social security organization (IKA)
[23], which coversover 5,530,000 people and provides over
830,000 pensions; (2) from a network of selected private
physicians; and (3) from anetwork of selected health centers
and regional doctors' offices. From these three networks,
data are collected on aweekly basis regarding the number
of patients' visits for any cause, as well as the number of
patients' visits because of L1 based on the current EU case
definition [24]. Data analysis includes weighting based on
the resident population of classification of territorial units
for statistics (NUTS |) geographical regions and rural and
urban areas and produces the number of IL| cases per 1000
visitsfor every week of the year, for thetotal of the country.
Thecollection and analysis of the datafollow the |ISO 8601
standard [25] (Greece ELOT EN 28601 standard [26]).

«  We aso used data from Italy for the same period and
compared the results between the two countries. To get the
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ILI ratesfor Italy, we used the weekly reports from ECDC
[27]. The ECDC calculates ILI rates per 100,000 people
based on sentinel systems of the European member states.

«  We used weekly data from the Google Trends for Greece
and Italy, using C# programming code (see Multimedia
Appendix 1).

Google Trends analyzes [ 28] a portion of Google Web searches
to compute how many searches have been done for the terms
entered in the search engine, relative to the total number of
searches done on Google over time. This analysisindicates the
likelihood of arandom user to search for a search term from a
certain location at a certain time. This system designates a
certain threshold of traffic for search terms, so that these with
low volume do not appear. Google Trends also eliminates
repeated queries from a single user over a short period of time,
so that the level of interest is not artificially impacted by these
types of queries.

To calculate the popularity of a searched term among usersin
a certain geographical location (eg, country) and in a certain
period, Trends examines a percentage of all searches for the
specified term within the same time and location parameters.
The results are then shown on a graph plotted on a scale from
0 to 100. The same information is also displayed graphically
by the geographic heat map.

In our case, we must deal with the problem that for the term
influenza, thereis not appropriate search volumefor Greece, as
mentioned in the Introduction. For the Greek equivalent keyword
(Cpimm), a search volume exists but with low correlation or
correlation below .90, as thisis shown in Table 1.

The solution to this problemisto perform searchesfor separate
keywordsrelated to theterm influenza. So, we downloaded data
from Google Trends for the following keywords: ypimm,
TIUPETOC, BNXAC, TIOVOKEPAAOC, TOVOAAIUOC, @O PUYWITISA,
and avtiBiwon. These keywords correspond to the following
English terms: influenza, fever, cough, headache, sore throat,
pharyngitis, and antibiotics, respectively. All these keywords
refer to the symptoms and treatment of influenza.

Our next task wasto determine whether we can use one of these
or all together, creating a flu score. Using Statistical Package
for the Socia Sciences (SPSS) version 20 (IBM Corp), wewrote
a command syntax code (see Multimedia Appendix 1) to
perform multiple regressions by taking each Google dataset as
the independent variable and data from the sentinel system of
the KEELPNO as the dependent variable.

Theresults of the multiple regressions are shownin Table 1. In
the table, x1, x2, x3, x4, x5, x6, and X7 represent the seven
keywords or datasets of the independent variable (Google
searches), whereas Y is the dependent variable (predicted
variable, influenzaILI rates).
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Table 1. Regressions of separate keywords (year 2011).
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Keyword English term Variable r R?2 Standard error Constant Coefficient
yplTm Influenza x1 .888765 .789903 0.00996 .008855 .539551
TIUPETOG Fever X2 .655427 429584 0.01641 -.03361 2.747708
Bnxog Cough X3 .658775 433984 .01634 -.01984 2.03161
TIOVOKEPAAOG Headache x4 .007578 .000057 0.02172 .019887 .034104
TIOVOAXIOG Sore throat x5 .242802 .058953 0.02107 .01486 22728
PAPUYWITIOO Pharyngitis X6 .340787 116136 0.02042 .005607 .708454
avTifiwon Antibiotics X7 327644 107351 0.02052 -.01148 1.596785

As shown in Table 1, no regression yields a correlation factor
(r) >.90.

In our case, we decided to combine all the keywords and create
aflu score.

To obtain the data from Google Trends, we used Visua Studio
2012 Ultimate and Visual C# as the programming language.

M ethods Employed

Our goal was to construct prediction models based on the
ARIMA model, previoudly used by other researchers, in specific
datafrom Greece and Italy for influenza, describing two cases:
using aflu score for Greece and without it for Italy.

We examined two different cases, both based on ARIMA
models. The assumptions are based on that we can create aflu
score from different keywords searched by people on the
Internet. This score consists of the separate keywords, and it is
the aggregation of them. In terms of statistics, this scoreis the
average of al the values of each separate keyword, as shown
in the following Figure 1 where x;=the values of each

independent variable (x1, x2, x3, x4, x5, x6, and x7).

The first case assumes that this score can be created and used
(the case of Greece), whereas the other assumes that there is
enough and reliable data from the Internet that can be safely
used. In that case, we used data from a neighboring country
using the keyword influenza from Google Trends (the case of
Italy). Finally, we compared the two cases, having as criteria
the statistical correlation coefficient r and the results of the
ARIMA models. We conducted experiments with the ARIMA
model with small parameters (parametersfrom 0-3), asthe data
sampleisrelatively small, and the ARIMA (1, 0, 0) model was
found the only oneto be statistically significant at level of P<.05
(two-tailed).

The Case of Greece Using a*“ Flu Score” and the
ARIMA Mod€

Modd Estimation for Year 2011

After creating the flu score, we used the model ARIMA (1, 0,
0) [29], a model aso known as the Box-Jenkins model [30].

Figure 1. Flu-score equation.

We used lags for the independent variable (Google data). This
is a model that combines an autoregression and a moving
average model.

Lags of the differenced series appearing in the forecasting
equation are called autoregressive terms, lags of the forecast
errorsare called moving average terms, and atime series, which
needs to be differenced to be made stationary, is said to be an
integrated version of a stationary series. The ARIMA models
are, in theory, the most general class of models for forecasting
a time series, which can be stationarized by transformations
such as differencing and logging.

A nonseasonal ARIMA model is classified as an ARIMA (p,
d, g) model, where p is the number of autoregressive terms, d
is the number of nonseasonal differences, and q is the number
of lagged forecast errorsin the prediction equation.

In moredetail, the above parameters can be analyzed asfollows:

p stands for the number of autoregressive ordersin the model.
Autoregressive orders specify which previous values from the
series are used to predict current values. For example, an
autoregressive order of 2 specifies that the value of the series
two-time periodsin the past be used to predict the current value.

d specifiesthe order of differencing applied to the series before
estimating models. Differencing is necessary when trends are
present (series with trends are typically nonstationary and
ARIMA modeling assumes stationarity) and is used to remove
their effect. The order of differencing correspondsto the degree
of series trend—first-order differencing accounts for linear
trends, second-order differencing accountsfor quadratic trends,
and so on.

Finally, g means the number of moving average orders in the
model. Moving average orders specify how deviationsfrom the
series mean for previous values are used to predict current
values. For example, moving average orders of 1 and 2 specify
that deviations from the mean value of the series from each of
thelast two-time periods be considered when predicting current
values of the series.

1 7
flu— score = ?Z xi
i1
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In our model, we do not use nonseasonal differences, as we
examine a single period of a year, which means there is no
seasonality inside the same year, and the peak occurs only once.
Thismodel isaspecia caseof an ARIMA model (autoregressive
moving average [ARMA] model).

As this model combines autoregression (AR) and moving
averages (MA), mathematically, it can be expressed as seen in
Figures 2 and 3. The combination of these models can be
expressed asshownin Figure4 where Y, isthe predicted value;
¢, isthe constant; , isthe expectation of X; @.....q,, and §.....6,
are the parameters of each model; t, isthetime; g, is the white
noise error terms. Generally, the easiest way to think of ARIMA
models is as fine-tuned versions of random-walk and
random-trend models.

Model Prediction for Year 2012

First, we create an estimation (base) model for the year 2011.
If we assume that the parameters, the constant, and the errors
of the estimate for the year 2011 are the same as for the year
2012, by downloading the values from the Google Trends, we
build a model for the year 2012. This means that we tried to
forecast the influenza ILI rates of 2012 having the knowledge
of only the Google Trends data.

Figure 2. Autoregression equation.

Samaras et d

The Case of Italy

The second method addresses the situation, when aflu scoreis
not needed, as there is sufficient data volume of searches by
Google Trends for the term influenza, and the correlation
coefficient is above .90 (.906 for 2011 and .917 for 2012). In
this case, we examined the possibility of using data from a
neighboring country. We choose Italy for comparison because
it isthe nearest country for which we can find datafrom Google
Trends and ECDC, and it is a close country next to Greece in
the European Union.

The test case was the data for the year 2011, building a base
model, as in the previous method.

The next task was to use the same parameters of the ARIMA
(1, 0, 0) model (constant, ¢, 6, and € of year 2011) for the year
2012 (from the first to the last week of 2012) to develop a
forecast.

As shown in the Results Section, the case of Italy is different
from the Greek one because the official data from ECDC do
not exist from a specific week until the end of the year 2012.
Nevertheless, using the ARIMA model, we can predict theentire
time series—that means the peak and the spread of influenza
based on data from Google Trends.

Generally, the methodology could be summarized as shown in
Figure5.

P
AR Y;:nger—w&
i=1

Figure 3. Moving averages equation.

q
MA: Yi= ;1+£;Z€;£;-f
i=1

Figure 4. Autoregressive integrated moving average (ARIMA) equation.

£ g
ARMA: Yi=c+ EFZ(}?.FXF—I‘F L+ Zﬁ:&- i
i=1

i=1
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Figure5. Flow diagram of methodol ogy.

ARIMA prediction

Autoregression and moving averages models may be used to
correlate data and build prediction models. The methods
described above were developed to address the problem of
insufficient or complete missing data of Google or even the
statistical correlation is below .90. This correlation is denoted
by the Pearson r correlation coefficient.

Results

The Case of Greece

In the first method, combining the most relevant keywords in
Greek language to the term influenza, we had the results for 2
years as follows:

For the year 2011, ther coefficient is above .90 at significance
level P=.01 (two-tailed), and this means that the estimation is
quite precise. This means that the distribution of the data
gathered by Google follows the same distribution of the
influenza cases notified by the public authority in Greece.
Consequently, an early prediction is very accurate.

The results for the year 2011 are shown in Figure 6.

The horizontal axis in Figure 6 represents time, whereas the
vertical axisrepresentsthelL| casesof influenza. ThelLl 2011
data line shows the values of the ILI data (ILI rates) from
KEELPNO, which is the dependent variable. The prediction
(red) line showsthe estimated values cal culated by the ARIMA
model. As it is clear, using this model, we can obtain a very
good estimation of the development of influenzain Greece for
thisyear. The correlation (r coefficient) is greater than .90, and
itis.909 at significance level P=.01.

Some interesting remarks can be mentioned about the above
estimation:

« The predicted development of the disease is almost the
same asthe real one.

http://publichealth.jmir.org/2017/4/€90/
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« The predicted peak appears with a delay of 1 week after
the actual onein early February in the 6th week instead of
the 5th week of the real cases.

« The predicted peak is 73.35, very close to the real peak,
which is 76.98. The difference is below 5% (4.71%).

« It takes 4 weeks to reach the maximum vaue from the
baseline, which arethe 20 ILI cases (from thefirst week to
the 5th week for the real values and from the second week
to the 6th week for predicted values).

«  Theabove estimation is very good, and we tested the same
model with the same parameters to establish a prediction
model for the next year.

«  For the year 2012, the r coefficient is over .80 but below
.90 at significance level P=.01. Nevertheless, we cannot
reject the usability of themodel, aswe still predict the exact
time of the peak of seasonal influenza (early March) and
the size of the peak, as shown in Figure 7.

« The correlation coefficient (r) is greater than .80, and it is
.831. Although it is below .90, we can still use the model.

Some interesting aspects of the forecast for the year 2012 are
the following:

« The forecast of the peak of the seasona flu is amost
accurate, considering that during the year 2011 (from the
first to the last week of 2011), the peak arrived very early
in February (5th week), whereas in 2012 (from the first to
the last week of 2012), there is a significant difference, as
the peak arrived later in the 9th week.

« |t takes the same time (as for the year 2011) for the peak
to appear (4 weeks above the baseline of 20).

« The forecast model predicts amost accurately the year
2012. The predicted value is 76.61, and the real value is
73.26, which means that the difference is below 5%
(4.58%).

«  Thepredicted peak is shown 1 week earlier.

«  The development of the curve after the peak also follows
closely the observed data.
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- Theprediction in this case is based on that for both years
the maximum activity of the disease appears exactly 4
weeks after the value comes to apoint of more than 20 IL1
cases, which is the baseline of influenza activity, as
previously mentioned.

- Thefina point of the forecast will be the assumption of an
early detection.

Table 2 shows the rising of influenza.

From Table 2, it is shown that the disease rises above the value
of 20 in different weeks, but it takes the same time to reach the
peak (9-5=4 weeks and 5-1=4 weeks). In conclusion, by using
our forecast model for the year 2012, we predicted amost
accurately the peak of seasonal influenza in Greece 4 weeks
before it arrived, from the start of the year, based exclusively

Samaras et d

on the knowledge of the Google search queries, before the ILI
rates are officially calculated by the competent authorities .

Finally, the comparison of real and predicted (IL1 per 1000
people) casesis shown in Table 3.

The Caseof Italy

In the case of Italy, we can see that for the year 2011, the
coefficient r is greater than .90, which means that seasonal
influenza estimated value is almost the same comparing to the
real value. Using the ARIMA model, the coefficient r remains
over .90, and thisindicatesastatistical correlation at significance
level P=.01 (two-tailed). That means we can use this model as
agood estimation for the development of the disease.

Theresult of the ARIMA model is shown in Figure 8.

Figure 6. Estimation for Greece using the autoregressive integrated moving average (ARIMA) model (year 2011).
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Table 2. Rising from 20 to maximum.
Value Year Week above 20 Week of the peak
>20 2012 5th 9th
>20 2011 1st 5th
Table 3. Prediction of the real casesfor year 2012 (peak).
Predicted value Real vaue Difference Difference (%)
76.61 73,260 3.35 4,58
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The prediction of ILI rates for Italy, using the ARIMA model,
is very good, and the correlation coefficient r is .979 at
significance level P=.01.

The outcome of the model indicates that there is a strong and
significant statistical correlation between the Google searches
made by Italians for the word influenza and the IL | rates given
by the European competent authority.

The main results of this estimation can be summarized as
follows:

« The development of the disease is almost the same after
the peak.

- The estimation model predicts the highest value 1 week
later.

« Thebaselineis500 ILI cases (per 100,000 people).

« It takes 4 weeks to reach the maximum value (1st to 5th
week).

«  Therea maximum valueis 1102.1, whereas the estimated
valueis 1013.05. The differenceis —89.1 (—8.08%).

The prediction results for the year 2012 are as follows:

For the year 2012, the coefficient r is over .90 (.923), and this
meansthat we can make aprecise prediction. Usingthe ARIMA
(1, 0, 0) model, the time of the peak of influenzaisindicated in
mid-February (6th week), even though with a higher value than
the actual one. During the year 2011, Italian influenza peaked
to the value of 1102.1. The predicted point for this year is
1037.461. The (predicted) difference is 35.361, whereas the
actual differenceislower (947-1102.1=-155.1)

Samaras et d

The prediction of this model for the year 2012 is shown in
Figure 9.

As shown in Figure 9, the prediction for the year 2012, based
on the ARIMA model parameters of the year 2011, is amost
the same but with alittle bit of higher values.

The statistical correlation is above .90. The correlation
coefficient r is .923, and this means this correlation is
statistically significant at a significance level of P=.01.

Let's see the main results of this prediction model:

Thereisalot of missing official datafor ILI cases after the 16th
week (mid-April).

Degspite the missing values, the prediction of the peak and the
size of the peak arevery good. The predicted valueis 1037.461,
and the real peak is 947. The difference is 90.46 (9.55%). The
predicted peak occurs 1 week | ater than the real peak (6th week
instead of 5th week).

There is another peak to the end of the year, such asthat of the
6th week. The value of the baseline before this peak arrivesis
500 ILI cases and occurs at the end of the year starting 5 weeks
earlier (46th week).

The predicted baselineis 400 ILI cases, above which it takes 4
weeks for the peak to arrive.

The summary of the results of ARIMA (1, 0, 0) model for both
Greece and Italy casesis shown in Table 4.

Figure 8. Autoregressive integrated moving average (ARIMA) model for Italy (year 2011).
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Figure 9. Autoregressive integrated moving average (ARIMA) model. Prediction for Italy (year 2012).
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Table4. Summary of the results.

Samaras et d

Country Year Predicted peak Real peak Difference Difference (%) Weeks to reach
the peak

Greece 2011 73.35 76.98 -3.63 -4.71 4

Greece 2012 76.61 73.26 3.35 458 4

Italy 2011 1013.05 1102.1 -89.05 -8.08 4

Italy 2012 1037.461 947 90.461 9.55 4

Italy 2012 1037.461 5
Discussion ?:ggll?et;rfva;sct egnough, and people are familiarized to the
Prediction «  Another aspect isthe language used. The keyword influenza

Autoregression and moving averages models may be used to
correlate data and build prediction models. The methods
described above were developed to use the data from Google
searches found in the Google Trends system with the help of
ARIMA models. The first method is used when searches for
the term influenza do not give sufficient volume data, or the
correlation coefficient is below .90. In such a case, the
alternativeisto seek other keywordsrelated to influenza. These
refer to the main symptoms.

The early detection of afuture influenza pandemic activity isa
key issuefor all public health authorities[31]. Therationalefor
direct actionsis based on the prediction of alikely spread across
Europe and triggering of national operational plans. Therefore,
an early prediction is necessary to design and implement public
health preparedness plans. In our study, we concluded that an
early detection of influenza activity can be made with the help
of the Internet. In the case of influenzain Greece and Italy, by
Setting an Internet surveillance system, we can predict the peak,
thetime of the peak, and the spread of influenzaat least 4 weeks
earlier, before influenza reaches its maximum point.

Similar researches, mentioned in the Introduction, were
conducted by scientists who used Internet data to make
predictions and estimations for infectious diseases. Different
modelswere used to detect and predict the outbreak of seasonal
diseases. Theresultsof other researcheswere focused to various
countries such as the United States, Sweden, the United
Kingdom, or to the countries of Asia. Our research is the first
that examines a serious infectious disease such as influenzain
small countries such as Greece and Italy. We consider the
ARIMA model, already used by other scientists, very effective,
and we made use of it to make estimations and predictions for
the spread and the peak of seasonal influenza in Greece and
Italy.

Restrictions
The main restrictions should be as follows:

« To perform analysis based on Google searches requires
Google datato exist. This can be done when people can do
searches on the Internet and, of course, it also requires a
generd extend of Internet penetration and use in the specific
country. Although nowadays, | nternet use has continuously
risen; it is of great importance that the Internet speeds

http://publichealth.jmir.org/2017/4/€90/

may give enough data to perform analysis, but this can be
ageneral rulefor English-speaking countries, or even more
for countries with the use of Latin language. As we
mentioned in the first method, this cannot be done in
countries with other languages, such as Greece. Thisisthe
main reason why we constructed a set of keywords and
found their average values in the Greek language.

«  Thepopularity and publicity regarding infectious diseases.
The influenza disease can be safely used, as it is a very
common disease among many countries of the world.
Nevertheless, if there is a need for examination and study
for another disease with less popularity, the first method
will be possibly the only solution, when aresearcher wishes
to analyze datafrom Google Trends, specifically in smaller
countries.

« Despitethe aboverestrictions, it is certain, as other similar
studies have shown that the Google Trends system can be
safely used. In general, an Internet surveillance system can
be an alternative system to the official sentinel systemsfor
monitoring and evaluating the development of infectious
diseases.

« Thereisalot of discussion about the usability of Google
Flu Trends, aservice which was provided by Google. It has
been found [32] that Google Flu Trends missed the
emergence of the 2009 pandemic and overestimated the
2012 and 2013 influenza season epidemic. Googl e has shut
down Google Flu Trends predictions, acknowledging the
problem. Klembczyk et al suggests Google Flu Trends as
astand-alone surveillance system because it is most useful
as an early signal system used in conjunction with other
more comprehensive surveillance techniques.

Usability to National and International Systems

The outlook of testing different systems and generally the use
of Internet surveillance systems is very important. This does
not mean that monitoring systems based on Internet surveillance
should totally substitute the traditional systems, but they can
be certainly used on a supplementary basis.

Besidesthe above remark, amonitoring system based on I nternet
data may take advantage of the same definitions, methods, and
indicators created and proposed by international and national
organizations. Consequently, thismeansthat thiskind of system
can have agreat contribution to coordinate the different national
monitoring systems.
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The official definitions of diseases and the proposed specific
indicators are made to coordinate the national systems. In
Europe, ECDC monitors the levels of influenza activity in
European countries reported by EISN members during the
influenza season. The levels are based on the following three
assessments or indicators [33] of influenza activity:

- Anindicator of the overal intensity of influenza activity
in the country

- Anindicator of the geographical spread of influenzain the
country

- Anindicator of trend in ILI or acute respiratory infection
(ARI) sentinel consultationsin the country compared with
the previous week

The main three indicators concern the overal intensity of
influenzaactivity, the geographical spread of influenza, and the
trend of the disease. These indicators can be described as
follows:

Indicator of the Overall I ntensity of Influenza Activity

Theintensity of influenza activity is based on the overall level
of clinical influenza activity in the country (or region). Each
country assesses the intensity of clinical activity based on the
historical data at its disposal. Some countries have historical
data that date back over 30 years (eg, the United Kingdom
[England] and the Netherlands), whereas others have data that
date back over shorter periods of time (eg, Ireland). Some
networks can establish numeric thresholds that define the
different intensity levels of clinical influenza activity.

The EISN intensity definitions are denoted as low, medium,
high, very high, and unknown.

Thebasdlineinfluenzaactivity isthelevel that clinical influenza
activity remains in throughout the summer and most of the
winter. Usually, there will be a 6- to 12-week period in winter
when the level of clinical influenza activity rises above the
baseline threshold, but in the very occasional winter, activity
never gets above the baseline level.

Indicator of the Geographical Spread of Influenzain
the Country

Each country defines the geographical spread of influenza
according to the definitions outlined below. The definitions are
based on those used by the WHO glabal influenza surveillance
system—FluNet [34].

« ILI: influenza-likeillness

« ARI: acute respiratory infection

«  Country: countries may be made up of one or more regions

- Region: the population under surveillance in a defined
geographical subdivision of acountry. A region should not
(generally) have a population of less than 5 million unless
the country islarge with geographically distinct regions

The geographical spread is indicated through as no-activity,
sporadic, local outbreak, regiona activity, and widespread
activity.

http://publichealth.jmir.org/2017/4/€90/
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Indicator of Trendin ILI or ARI Sentinel Consultations
in the Country Compared With the Previous Week

Trend is reported by the countries as increasing, stable, or
decreasing. Trend is a comparison of the level of ILI or ARI
sentinel consultations during 1 week with the previous week.

Outside the influenza season, when ILI and ARI rates are at
baseline level, increasing or decreasing trends are not
informative.

Increasing: evidencethat thelevel of respiratory disease activity
isincreasing compared with the previous week.

Stable: evidence that the level of respiratory disease activity is
unchanged compared with the previous week.

Decreasing: evidencethat thelevel of respiratory disease activity
is decreasing compared with the previous week.

The usability of the aforementioned definitions and indicators
indicate that an Internet surveillance system may be a useful
tool to manage a coordination of the different national systems
that are currently used.

In terms of government spending, we mentioned in the
introduction the huge costs connected to influenza through
absenteeism, influenza complications, and hospital stays and
deaths. We believe that early detection could provide useful
means and tools for preventing purposes to reduce the overall
spending but mostly to address public health issues concerning
influenzatracking, monitoring, and treatment. Many studiesin
various universities and research centers have been conducted
to indicate and propose the extensive use of the Internet to meet
the regquirements for a successful monitoring of epidemics and
for creating an Internet surveillance system in an inexpensive

way.
Conclusions

Finally, the main conclusions of this study can be summarized
asfollows:

- Thereisasignificant statistical correlation with influenza
ILI rates of Greece and Italy and the searches made in
Google search engine.

«  We can use the ARIMA statistical model for estimations
and to create prediction rules and patterns for influenzain
Greece and Italy based on searches madein Google search.

- By using Google Trends, we can predict the maximum point
of influenza 4 weeks before it arrives.

« Google Trends can be a useful source of data. In cases of
insufficient data or with low correlation of Google searches
to thereal casesfor asingleword (influenza) for a specific
location (country) and for a certain period (year), a
combined flu score can be created based on Google searches
made by people with keywords related to the symptoms of
the disease. When sufficient and reliable data volume of a
keyword exists, we can ill use ARIMA models for
forecasts.

« AnInternet surveillance system can be an alternative, asit
can operate as a supplementary system, and it can use the
same official definitions and indicators of the traditional
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systems to help coordinating national monitoring systems new research discipline and methodology on the study of the
across Europe. determinants and distribution of health information on the
On the basis of Google search data, an Internet system can  Internet, with the ultimate purpose to improve public health.
contribute to lowering costs by helping governments to  The concept of Infodemiology (or infoveillance) is now widely
prevent severe influenza outbreaks and manage their used to describe the study and connection of serious disease
operationa public health plans. development with the help of the Internet [21]. We believe that
Google Trends could be a useful data source, which, with the
help of statistics, can contribute to the abovementioned purpose
by establishing an Internet surveillance system.

The term Infodemiology refers to information epidemiology
and was first used by Gunther Eysenbach [9, 35] to propose a

Acknowledgments

We acknowledge KEELPNO for the provision of useful data of Influenza epidemics. We also acknowledge Dr Kassiani
Golfinopoul ou from the competent I nfectious Disease Department of KEEPLNO for the general help on interpreting the concepts
and terms and Mrs Agoritsa Bakka and Dr Christos Hadjichristodoulou for supervising the entire manuscript.

Authors Contributions

L S made the experiments and the programming code, MA examined and edited the codes, and EG edited the text. The conception
and plan of the research conducted is part of LS ongoing PhD work and was done under the supervision of MA and EG.

Conflictsof Interest
None declared.

Multimedia Appendix 1
Programming codes.

[PDE File (Adobe PDF File), 32KB - publichealth v3i4e90 appl.pdf ]

References

1.  World Health Organization. Global Influenza Program URL.: http://www.who.int/influenza/en/index.html [accessed
2017-08-21] [WebCite Cache |ID 6ssnD404x]

2. World Health Organization. Global Influenza Surveillance and Response System (GISRS) URL: http://www.who.int/
influenza/gisrs_|aboratory/en/ [accessed 2017-08-21] [WebCite Cache ID 6ssnOaiBR]

3. World Health Organization. Pandemic Influenza Preparedness (PIP) Framework URL: http://www.who.int/influenza/pip/
en/ [accessed 2017-08-21] [WebCite Cache ID 6ssnXpnEd]

4.  European Centrefor Disease Prevention and Control. European Influenza Surveillance Network (EISN) URL: https://ecdc.
europa.eu/en/about-us/partnershi ps-and-networks/di sease-and-laboratory-networks/eisn [accessed 2017-08-21] [WebCite
Cache ID 6sssybAKf]

5. European Centre for Disease Prevention and Control. 2017 May 29. The European Surveillance System (TESSy) URL.:
http://ecdc.europa.eu/en/activities/surveillance/tessy/pages/tessy.aspx [accessed 2017-08-21] [WebCite Cache | D 6ssnigBNW]

6.  World Health Organization. Influenza Fact Sheet no 211 (revised March 2003) URL.: http://www.who.int/mediacentre/
factsheets/2003/fs211/en/ [accessed 2017-08-21] [WebCite Cache ID 6ssnxQGEI]

7.  Wikipedia. Flu season URL : https://en.wikipedia.org/wiki/Flu_season [accessed 2017-08-21] [WebCite Cache D 6ss09Y vSA]

8.  En.rian.ru. 2009 Nov 20. WHO reports 525,000 swine flu casesworl dwide URL : http://en.rian.ru/worl d/20091120/156921735.
html [accessed 2017-08-21] [WebCite Cache ID 6ssolVRp9]

9.  Eysenbach G. Infodemiology: tracking flu-related searches on the web for syndromic surveillance. AMIA Annu Symp Proc
2006:244-248 [FREE Full text] [Medline: 17238340]

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

11. PingY, Chen H, Zeng D. Syndromic surveillance systems:. public health and biodefense. Annu Rev Inf Sci Technol
2008;42(1):425-495 [FREE Full text]

12. SamarasL, Garcia-Barriocana E, SiciliaMA. Syndromic surveillance models using Web data: The case of scarlet fever
in the UK. Inform Health Soc Care 2012 Feb 23;37(2):106-124 [FREE Full text] [doi: 10.3109/17538157.2011.647934]

13. Google. Google Trends Help URL.: http://www.google.com/support/insights/bin/topic.py?hl=en& topic=13973 [accessed
2017-08-21] [WebCite Cache ID 6sspHeynu]

14. Google. About Google Trends URL: http://www.google.com/intl/en/trends/about.html [accessed 2017-08-21] [WebCite

Cache ID 6sspVOzKQ]

http://publichealth.jmir.org/2017/4/€90/ JMIR Public Health Surveill 2017 | vol. 3| iss. 4 |e90 | p.43
(page number not for citation purposes)

RenderX


https://jmir.org/api/download?alt_name=publichealth_v3i4e90_app1.pdf&filename=988b8b4c06ddae872dc80259a9f685bf.pdf
https://jmir.org/api/download?alt_name=publichealth_v3i4e90_app1.pdf&filename=988b8b4c06ddae872dc80259a9f685bf.pdf
http://www.who.int/influenza/en/index.html
http://www.webcitation.org/6ssnD4o4x
http://www.who.int/influenza/gisrs_laboratory/en/
http://www.who.int/influenza/gisrs_laboratory/en/
http://www.webcitation.org/6ssnOaiBR
http://www.who.int/influenza/pip/en/
http://www.who.int/influenza/pip/en/
http://www.webcitation.org/6ssnXpnEd
https://ecdc.europa.eu/en/about-us/partnerships-and-networks/disease-and-laboratory-networks/eisn
https://ecdc.europa.eu/en/about-us/partnerships-and-networks/disease-and-laboratory-networks/eisn
http://www.webcitation.org/6sssybAKf
http://www.webcitation.org/6sssybAKf
http://ecdc.europa.eu/en/activities/surveillance/tessy/pages/tessy.aspx
http://www.webcitation.org/6ssnlgBNW
http://www.who.int/mediacentre/factsheets/2003/fs211/en/
http://www.who.int/mediacentre/factsheets/2003/fs211/en/
http://www.webcitation.org/6ssnxQGEI
https://en.wikipedia.org/wiki/Flu_season
http://www.webcitation.org/6sso9YvSA
http://en.rian.ru/world/20091120/156921735.html
http://en.rian.ru/world/20091120/156921735.html
http://www.webcitation.org/6ssoIVRp9
http://europepmc.org/abstract/MED/17238340
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17238340&dopt=Abstract
http://li.mit.edu/Stuff/CNSE/Paper/Ginsberg09Mohebbi.pdf
http://dx.doi.org/10.1038/nature07634
https://pdfs.semanticscholar.org/f7b3/086eae77c701aab3f723bd5f3d0255b3a489.pdf
http://www.tandfonline.com/doi/abs/10.3109/17538157.2011.647934
http://dx.doi.org/10.3109/17538157.2011.647934
http://www.google.com/support/insights/bin/topic.py?hl=en&topic=13973
http://www.webcitation.org/6sspHeynu
http://www.google.com/intl/en/trends/about.html
http://www.webcitation.org/6sspVOzKO
http://www.webcitation.org/6sspVOzKO
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Samaras et &

15.

16.

17.

18.

19.

20.

21

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

Johns Hopkins Medicine. 2012 Jan 09. Hopkins Researchers Find “ Google Flu Trends” A Powerful Early Warning System
for Emergency Departments URL : http://www.hopkinsmedicine.org/news/media/rel eases/

hopkins_researchers find_google flu_trends a powerful_early warning_system_for_emergency departments [accessed
2017-08-21] [WebCite Cache ID 6sspaymjh]
DugasAF, Hsieh YH, Levin SR, PinesJM, MareinissDP, Mohareb A, et al. Google Flu Trends: correlation with emergency
department influenza rates and crowding metrics. Clin Infect Dis 2012 Feb 15;54(4):463-469 [FREE Full text]
Dugas AF, Jalapour M, Gel Y, Levin S, Torcaso F, Igusa T, et a. Influenza forecasting with Google Flu Trends. PLOS
One 2013 Feb 14;8(2):e56176 [FREE Full text]
PreisT, Moat HS. Adaptive now casting of influenza outbreaks using Google searches. R Soc Open Sci 2014 Oct 29 [FREE
Full text] [doi: 10.1098/rs0s.140095]
Klembczyk JJ, Jalapour M, Levin S, Washington RE, Pines JM, Rothman RE, et al. Google Flu Trends spatial variability
validated against emergency department influenza-related visits. JMed Internet Res 2016 Jun 28;18(6):e175 [FREE Full
text] [doi: 10.2196/jmir.5585] [Medline: 27354313]
Woo H, Cho Y, Shim E, Lee JK, Lee CG, Kim SH. Estimating influenza outbreaks using both search engine query data
and social mediadatain South Korea. JMed Internet Res 2016 Jul 04;18(7):e177 [EREE Full text] [doi: 10.2196/jmir.4955]
[Medline: 27377323]
JMIR Public Health and Surveillance. E-collection 'Infoveillance, Infodemiology and Digital Disease Surveillance' URL:
http://publichealth.jmir.org/themes/304 [accessed 2017-08-17] [WebCite Cache ID 6ssqZhj4L]
Ministry of Health. Hellenic Center for Disease Control and Prevention URL : http://www.keel pno.gr/en-us’/home.aspx
[accessed 2017-08-21] [WebCite Cache ID 6ssgfaQlr]
IKA. URL: http://www.ika.gr/en/home.cfm [accessed 2017-08-21] [WebCite Cache ID 6ssgpvu3d]
European Centre for Disease Prevention and Control. EU case definitions URL: https://ecdc.europa.eu/en/
infectious-di seases-public-heal th/surveill ance-and-di sease-data/eu-case-definitions [ accessed 2017-08-21] [WebCite Cache
ID 6ssr8utjd]
International Organization for Standardization. 1SO 8601:2004 URL : http://www.iso.org/iso/home/store/catalogue _tc/
catalogue_detail.htm?csnumber=40874 [accessed 2017-08-21] [WebCite Cache ID 6ssrNIfUB]
Hellenic Organization for Standardization (ELOT). URL : http://www.elot.gr/30_ ENU_HTML .aspx [accessed 2017-08-21]
[WebCite Cache ID 6ssrXrntV]
European Centre for Disease Prevention and Control. Influenza weekly reports URL : http://www.ecdc.europa.eu/en/
publications/surveillance reports/Pages/index.aspx [accessed 2016-03-14] [WebCite Cache |D 6ssriChf]
Google. Where Trends data comes from URL : https.//support.google.com/trends/answer/92768%hl=en&ref_topic=13975
[accessed 2017-08-21] [WebCite Cache ID 6ssrvw6fY]
Duke University. Introduction to ARIMA: nonseasonal models URL : http://people.duke.edu/~rnau/411arim.htm [accessed
2017-08-21] [WebCite Cache ID 6sss3KsN8]J
IBM. Custom ARIMA models URL: http://publib.boulder.ibm.com/infocenter/spssstat/v20rOm0/index.j sp?topi c=%2Fcom.
ibm.spss.statistics.hel p%2Ftsmodel_arima_crit.htm [accessed 2017-08-21] [WebCite Cache ID 6sss8iQ7H]
European Centre for Disease Prevention and Control. 2007 Aug. Influenza Surveillance in a Pandemic paper from ECDC
Working group URL: https://ecdc.europa.eu/sites/portal /fil es’media/en/publications/Publications/
0708 SUR_Influenza Surveillance.pdf [accessed 2017-08-21] [WebCite Cache ID 6ssshg06j]
Olson DR, Konty KJ, Paladini M, Viboud C, Simonsen L. Reassessing Google Flu Trends data for detection of seasonal
and pandemic influenza: a comparative epidemiological study at three geographic scales. PLoS Comput Biol 2013 Oct
17;9(10):€1003256 [FREE Full text] [doi: 10.1371/journal .pchi.1003256] [Medline: 24146603]
European Centre for Disease Prevention and Control. Indicators on influenza activity URL: https://ecdc.europa.eu/en/
seasonal -influenza/surveill ance-and-di sease-data/facts-indicators [accessed 2017-08-21] [WebCite Cache ID 6sssWUh9a]
World Health Organization. FluNet URL : http://www.who.int/influenza/gisrs_|aboratory/flunet/en/ [accessed 2017-08-21]
[WebCite Cache ID 6ssslvagw]
Eysenbach G. Infodemiology: the epidemiology of (mis)information. Am JMed 2002 Dec 15;113(9):763-765 [FREE Full
text

Abbreviations

AR: autoregression

ARI: acute respiratory infection

ARIMA: autoregressive integrated moving average
ARMA: autoregressive moving average

CDC: Centersfor Disease Control and Prevention
ED: emergency department

EISN: European Influenza Surveillance Network
EU: European Union

http://publichealth.jmir.org/2017/4/€90/ JMIR Public Health Surveill 2017 | vol. 3| iss. 4 |e90 | p.44

RenderX

(page number not for citation purposes)


http://www.hopkinsmedicine.org/news/media/releases/_hopkins_researchers_find_google_flu_trends_a_powerful_early_warning_system_for_emergency_departments
http://www.hopkinsmedicine.org/news/media/releases/_hopkins_researchers_find_google_flu_trends_a_powerful_early_warning_system_for_emergency_departments
http://www.webcitation.org/6sspaymjh
https://academic.oup.com/cid/article/54/4/463/393906
http://journals.plos.org/plosone/article?id=10.1371/journal.pone.0056176
http://rsos.royalsocietypublishing.org/content/1/2/140095.short
http://rsos.royalsocietypublishing.org/content/1/2/140095.short
http://dx.doi.org/10.1098/rsos.140095
http://www.jmir.org/2016/6/e175/
http://www.jmir.org/2016/6/e175/
http://dx.doi.org/10.2196/jmir.5585
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27354313&dopt=Abstract
http://www.jmir.org/2016/7/e177/
http://dx.doi.org/10.2196/jmir.4955
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27377323&dopt=Abstract
http://publichealth.jmir.org/themes/304
http://www.webcitation.org/6ssqZhj4L
http://www.keelpno.gr/en-us/home.aspx
http://www.webcitation.org/6ssqfaQlr
http://www.ika.gr/en/home.cfm
http://www.webcitation.org/6ssqpvu3q
https://ecdc.europa.eu/en/infectious-diseases-public-health/surveillance-and-disease-data/eu-case-definitions
https://ecdc.europa.eu/en/infectious-diseases-public-health/surveillance-and-disease-data/eu-case-definitions
http://www.webcitation.org/6ssr8utjd
http://www.webcitation.org/6ssr8utjd
http://www.iso.org/iso/home/store/catalogue_tc/catalogue_detail.htm?csnumber=40874
http://www.iso.org/iso/home/store/catalogue_tc/catalogue_detail.htm?csnumber=40874
http://www.webcitation.org/6ssrNlfUB
http://www.elot.gr/30_ENU_HTML.aspx
http://www.webcitation.org/6ssrXrntV
http://www.ecdc.europa.eu/en/publications/surveillance_reports/Pages/index.aspx
http://www.ecdc.europa.eu/en/publications/surveillance_reports/Pages/index.aspx
http://www.webcitation.org/6ssriChf
https://support.google.com/trends/answer/92768?hl=en&ref_topic=13975
http://www.webcitation.org/6ssrvw6fY
http://people.duke.edu/~rnau/411arim.htm
http://www.webcitation.org/6sss3KsN8
http://publib.boulder.ibm.com/infocenter/spssstat/v20r0m0/index.jsp?topic=%2Fcom.ibm.spss.statistics.help%2Ftsmodel_arima_crit.htm
http://publib.boulder.ibm.com/infocenter/spssstat/v20r0m0/index.jsp?topic=%2Fcom.ibm.spss.statistics.help%2Ftsmodel_arima_crit.htm
http://www.webcitation.org/6sss8iQ7H
https://ecdc.europa.eu/sites/portal/files/media/en/publications/Publications/0708_SUR_Influenza_Surveillance.pdf
https://ecdc.europa.eu/sites/portal/files/media/en/publications/Publications/0708_SUR_Influenza_Surveillance.pdf
http://www.webcitation.org/6ssshg06j
http://dx.plos.org/10.1371/journal.pcbi.1003256
http://dx.doi.org/10.1371/journal.pcbi.1003256
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24146603&dopt=Abstract
https://ecdc.europa.eu/en/seasonal-influenza/surveillance-and-disease-data/facts-indicators
https://ecdc.europa.eu/en/seasonal-influenza/surveillance-and-disease-data/facts-indicators
http://www.webcitation.org/6sssWUh9a
http://www.who.int/influenza/gisrs_laboratory/flunet/en/
http://www.webcitation.org/6ssslvagw
http://www.amjmed.com/article/S0002-9343(02)01473-0/fulltext
http://www.amjmed.com/article/S0002-9343(02)01473-0/fulltext
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Samaras et &

ILI: influenza-likeillness

KEELPNO: Hellenic Center for Disease Control and Prevention
MA: moving averages

NUTS: classification of territorial unitsfor statistics

WHO: World Health Organization

Edited by G Eysenbach; submitted 10.05.17; peer-reviewed by Y Teng, S Eivazzadeh; comments to author 12.07.17; revised version
received 23.08.17; accepted 10.09.17; published 20.11.17.

Please cite as.

Samaras L, Garcia-Barriocanal E, Scilia MA

Syndromic Surveillance Models Using Web Data: The Case of Influenza in Greece and Italy Using Google Trends
JMIR Public Health Surveill 2017;3(4):e90

URL: http://publichealth.jmir.org/2017/4/e90/

doi: 10.2196/publichealth.8015

PMID: 29158208

©L oukas Samaras, Elena Garcia-Barriocanal, Miguel-Angel Sicilia. Originally published in IMIR Public Health and Surveillance
(http://publichealth.jmir.org), 20.11.2017. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https.//creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
inany medium, provided the original work, first published in IMIR Public Health and Surveillance, is properly cited. The complete
bibliographic information, alink to the original publication on http://publichealth.jmir.org, as well as this copyright and license
information must be included.

http://publichealth.jmir.org/2017/4/€90/ JMIR Public Health Surveill 2017 | vol. 3| iss. 4 |e90 | p.45
(page number not for citation purposes)

RenderX


http://publichealth.jmir.org/2017/4/e90/
http://dx.doi.org/10.2196/publichealth.8015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29158208&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Yom-Tov & Lev-Ran

Original Paper

Adverse Reactions Associated With Cannabis Consumption as
Evident From Search Engine Queries

Elad Yom-Tov!, PhD; Shaul Lev-Ran?3, MD

IMicrosoft Research, Herzeliya, Israel
2| ev Hasharon Medical Center, Pardesya, Israel
3Sackler Faculty of Medicine, Tel-Aviv University, Tel-Aviv, |srael

Corresponding Author:
Elad Yom-Tov, PhD
Microsoft Research

13 Shenkar St.

Herzeliya, 46733

Israel

Phone: 972 747111359
Fax: 972 747111357
Email: eladyt@yahoo.com

Abstract

Background: Cannabisis one of the most widely used psychoactive substances worldwide, but adverse drug reactions (ADRS)
associated with its use are difficult to study because of its prohibited status in many countries.

Objective: Internet search engine queries have been used to investigate ADRs in pharmaceutical drugs. In this proof-of-concept
study, we tested whether these queries can be used to detect the adverse reactions of cannabis use.

Methods: We analyzed anonymized queries from US-based users of Bing, awidely used search engine, made over a period of
6 months and compared the results with the prevalence of cannabis use as reported in the US National Survey on Drug Usein
the Household (NSDUH) and with ADRs reported in the Food and Drug Administration’s Adverse Drug Reporting System.
Predicted prevalence of cannabis use was estimated from the fraction of people making queries about cannabis, marijuana, and
121 additional synonyms. Predicted ADRswere estimated from queries containing layperson descriptionsto 195 |CD-10 symptoms
list.

Results: Our results indicated that the predicted prevalence of cannabis use at the US census regional level reaches an R? of .71
NSDUH data. Queries for ADRs made by people who also searched for cannabis reveal many of the known adverse effects of
cannabis (eg, cough and psychotic symptoms), as well as plausible unknown reactions (eg, pyrexia).

Conclusions: These resultsindicate that search engine queries can serve as an important tool for the study of adverse reactions
of illicit drugs, which are difficult to study in other settings.

(JMIR Public Health Surveill 2017;3(4):e77) doi:10.2196/publichealth.8391

KEYWORDS
cannabis; search engines; pharmacovigilance

In recent years, there is an increasing interest from a global
health perspective into potential adverse effects of cannabis.

Cannabis is the most widely used illicit substance worldwide  1HiS iS particularly because of the rapidly shifting landscape
[1]. The United Nations Office on Drugsand Crime 2017 report  €garding the legalization of cannabis in several US siates, as
indicates that over 180 million people use cannabis annually, Well @ the rising popularity of medicinal cannabis in several
accounting for roughly 3.8% of the global population [2], and countries worldwide. Several additional factors, such as

lifetime prevalence of cannabis use among young adultsin the Increased use among adolescents and young adults and the
United States has been reported to be around 50% [3]. increasing potency of cannabis (as measured by concentration
of the principa psychoactive constituent of cannabis,
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tetrahydrocannabinol [THC]), further contribute to concerns
surrounding potential adverse effects of cannabis[4].

Traditionally, the safety of therapeutic agents and adverse effects
are studied by avariety of methodol ogic approaches, including
randomized controlled trials, observational studies, and
pharmacovigilance studies [5]. Specifically, adverse effectsare
reported through a variety of regulatory agencies (such as
MedWatch by the US Food and Drug Administration [FDA] in
the United States and the International Drug Monitoring
Programme by the World Health Organization). Several current
projects (such asthe FDA’s Sentinel Initiative[6], the EU-ADR
initiative [7], and the Observationa Medical Outcomes
Partnership [8]) are beginning to use observational data,
including administrative claims and electronic health records,
to identify adverse drug reactions (ADRS).

Aside from few cannabinoid-based pharmaceutical drugs,
cannabisislargely overlooked by all these methods. The reasons
for this oversight are that cannabisis still considered an illicit
substance in most countries worldwide, and despite legidative
changes in several US states, it is still a Schedule | drug
according to federal law in the United States. As use of illicit
substances is commonly underreported [9], its use may be
associated with social disapproval and stigma, reducing reliable
self-report of its use and of associated adverse reactions [10].
Furthermore, as opposed to pharmaceutical drugs, which are
tracked by well-established programs described above, illicit
drugs are not currently tracked by any such program. It should
be noted that though there is no formal definition of adverse
effects when dealing with illicit drugs, the common FDA
definition of “any untoward medical occurrence associated with
the use of adrug in humans’ [11], with a particular emphasis
on undesirable effects of the specific psychoactive substance,
remains relevant.

Here we propose to identify the use of cannabis and associated
adverse effects through novel observational data, namely, Web
search query logs. Search queries contain acornucopiaof world
knowledge[12], and prior studies have used query logsto track
certain life events [13], the spread of disease [14], and most
importantly in this context—adverse effects of medications
[15,16]. As such, these data allow analyzing the data from
hundreds of millions of people, and in some cases, asignificant
percentage of the patients using a given drug or an illicit
substance.

Accordingly, the aims of this proof-of-concept study are: (1) to
provide a proof of concept of estimating prevalence of cannabis
use and identifying cannabis users through Web search query
logs and (2) to explore adverse effects (both prevalence as well
as temporality) of cannabis use using Web search query logs.
We focus on data from the United States, for both the size of
the country and the fact that population-level information on
cannabis use existsin this country.

Methods

Data

We extracted all queries submitted to the Bing search engine
by users located in the United States between November 2016

http://publichealth.jmir.org/2017/4/€77/
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and April 2017 (inclusive). For each query, we extracted the
text entered by the user, time and date, and the state from where
the query was issued. Additionally, queries could be grouped
to the same user through an anonymized user identifier [17].
We notethat Bing users are known to be arepresentative sample
of Internet usersin the United States [17].

As baseline data, we extracted the three datasets shown below:

1. Cannabis usage rate (1-year prevalence) per state was
extracted from the 2015 National Survey on Drug Use in
the Household (NSDUH) survey [18]. This was the most
recent available NSDUH state-level data at the time of the
study.

2. Usage rate per census region was extracted from the
2012-2014 substate NSDUH estimates [19]. Each region
consists of one or more counties. Both the first and second
datasets are sponsored by the US Department of Health and
Human Services. This was the most recent available
NSDUH state-level data at the time of the study.

3. Reports on ADRs to the FDA's Adverse Drug Reporting
System (FAERS) for theyears 2013-2016, which mentioned
marijuanaor cannabis. A total of 11,382 reportsfrom 9218
people were collected.

A list of words possibly related to marijuana consumption,
comprising 123 terms, was constructed by browsing Web forums
and the Urban Dictionary (see Multimedia Appendix 1).

Queries describing ADRs were identified by testing if they
contained one or more of thetermsused in previous studies (for
afull background, see Yom-Tov and Gabrilovich [5]). Thislist
is of layperson descriptionsto 195 ICD-10 symptoms. Thislist
was augmented with the following adverse reactions, listed in
FAERS in conjunction with cannabis (“marijuana’) but missing
fromthelist above: emesis, abdominal pain, nausea, drowsiness,
red eyes, red conjunctiva, appetite, aggression, agitation,
cognitive disorder, delirium, withdrawal, fatigue, gastroschisis,
hyperhidrosis, overdose, restlessness, sedation, seizure, and
syncope.

Queries that were likely related to news events were removed
by excluding queries that had the same text and appeared at a
frequency of at least 10,000 times over the data period but with
spikes of over 1000 queries during no more than between 1 and
10 days during the data period.

We note that the datasets (ground truth and Bing) do not overlap
in dates, which may lead to mismatches in our estimates and
hence, lower correlations between estimated and actual use.
Therefore, the performance of our models should be considered
an underestimate of the possible performance of these models.

Measuresfor Analysisof Bing Data

Aswill be described below, we first found terms (of the list of
123terms) that are likely associated with cannabis consumption
by correlating the fraction of people querying for these terms
in each US census region and the cannabis consumption in that
census region. We refer to these as the target terms. We then
examined the use of terms to describe ADRs in the population
using the target terms, compared with the rest of the population
of Bing users. Following previous studies [5,15], we employed

JMIR Public Health Surveill 2017 | vol. 3| iss. 4 |77 | p.47
(page number not for citation purposes)


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

JMIR PUBLIC HEALTH AND SURVEILLANCE

several ways to measure the association of ADRs with target
terms. Here we briefly describe these measures, which give a
score to each ADR (for formulas refer to Tables 1 and 2), as
follows:

«  Query ratio (QR): The fraction of people querying for the
ADR who used the target terms, divided by the fraction of
people who queried for the ADR (regardless of the target
term) ( (f+h)/(et+g) ).

« Query log reaction score (QLRS): This is the original
measure developed in Yom-Tov and Gabrilovich [5], which

Yom-Tov & Lev-Ran

measures the change in queries for the ADR after queries
for thetarget terms. It is computed asthe chi-squared score
from Table 2.

«  Query proportional rate ratio (QPRR): A measure that
accounts for the use of a term in the population making
target queries, compared with the rest of the population (
d/(d+b) / (c/ (at+c) ).

- Proportionality query ratio (PQR): A modification of QLRS
found [15] to be more accurate than QLRS in identifying
ADRs(h/(f+h)/(g/ (etg)).

Table 1. A 2x2 table for estimating query proportional rate ratio (QPRR) from Web-based query log data. Letters in the table indicate the number of

people in the data who match the relevant conditions.

Conditions User did not query for target term User queried for target term
User did not query for ADR? a b
User queried for ADR [ d

8ADR: adverse drug reaction.

Table 2. A 2x2 tablefor estimating query ratio (QR), proportionality query ratio (PQR), and query log reaction score (QLRS) from Web-based query
log data. Letters in the table indicate the number of people in the data who match the relevant conditions.

Conditions User did not query for target term User queried for target term
User queried for ADR? after day O e f
User queried for ADR before day O g h

3ADR: adverse drug reaction.

We measured the correlation between FAERS reports and Bing
data in two ways. First, we selected the 22 ADRs whose
prevalence was in the top 95% of FAERS reports for cannabis
and assumed these were likely ADRs and that all other ADRs
were not associated with cannabis use. We measured the Area
Under Curve (AUC) of the Receiver Operating Characteristic
Curvefor each of the measures derived from the Bing data (see
Methods section).

Second, we measured the correlation between the measures
computed for Bing data and the number of reports in FAERS
for the 85 ADRsthat appeared at least once in conjunction with
marijuanain FAERS. Following Yom-Tov and Gabrilovich [5],
we also used the greedy method used therein for excluding five
outliers and showed theimprovement in correlation when these
are excluded. Outliers (according to Yom-Tov and Gabrilovich
[5]) are ADRsthat appear with high frequenciesin FAERS, but
have alow query score, or vice versa. The former happenswhen
ADRSs are acute or appear shortly after the substance is used,
whereasthe latter are ADRsthat appear long after people begin
using the substance.

Results

Correlation With State and Region Prevalence

We filtered the queries to include only those queries that
contained one or more words possibly related to cannabis
consumption, as detailed in the Methods section. We then
calculated the fraction of queries from each state and region
using each term.

http://publichealth.jmir.org/2017/4/€77/

Region prevalence was modeled using a stepwise linear model
[20], where the independent terms are the number of people
making queries that mentioned each of the terms in a region,
divided by the number of peoplewho queried on Bing from that

region. The model reached an R? of .71 (n=305 regions), using
the terms shown in Table 3, implying that 71% of the variance
in the regional prevalence is predictable from the fraction of
people making queries shown in Table 3. Inthistable, apositive
slope means that there is a positive correlation between the
number of people who usethis phrase and the number of people
who are known to have used cannabisin the geographic region.

Interestingly, the single term “cannabis’ reached an R? of .24,
and the highly collinear term (r=.81, P<.001) “marijuana’

reached an R? of .26. The other positivetermsin thelist reached

alower R? (the highest is“caffeine” with R? of .18). Therefore,
in the next stages of our analysis, where it is important to
identify (anonymous) individual people who may have used
cannabis, we focus on those people who queried for the terms
“cannabis’ and “marijuana.”

Collecting usage data at fine-grained resolution is frequently
costly and time-consuming. Therefore, it is important to
ascertain whether datathat were collected at one (usually course)
resolution can be used to build a model that can be applied at
other (finer) resolutions. Therefore, we next applied the
state-level model to the regiona level, so as to estimate the
feasibility of using low-resolution ground truth datato estimate
higher resolution usage rates. The state-level model reached an

R of .93 (n=50). Applying the state-level model to region-level
data resulted in a corrélation of r=.90 (P<.001). Applying the
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region-level model to state-level dataresulted inr=.57 (P<.001).
Thus, it is possible to apply a model created from one level of
aggregation to another level of aggregation, with a reasonably
small degradation in performance. Therefore, we applied the
region-level model to county-level data. The predicted
prevalence of cannabis use at a county level isshown in Figure
1

Correlation With FAERS Reports

The AUCs and corrélations for the four measures (QR, QLRS,
PORR, and PQR) are shownin Table 4. Sincethe QR and QLRS
measures achieved similar correlations and AUCs, we focused
on the QLRS measure, which has also been validated for
pharmaceutical drugs[5,15].

Yom-Tov & Lev-Ran

The AUC for QLRS is shown in Figure 2. Asthe figure shows,
QLRS is especialy useful at detecting ADRs with a high
likelihood to be of relevance. The ADRsrated highest in QLRS
were in descending order:

anxiety

pain
overdose
paranoia
depression
withdrawal
seizure
hallucination
. headache

10. cough

© o NO A ®WDNE

Table 3. Statistically significant termsin a stepwise linear model to predict US region incidence of cannabis use.

Term

Slope direction®

Antisocial behavior
Attention deficit
Blue

Bozo

Caffeine
Cannabis

Color

Domes

Hombre

Mikes

Peyote
Psychiatry
Speedball
Spoon

Stuff

Tickets

Vaium

Draw

Jay

Marijuana

+

+

3positive slope means that there is a positive correlation between the number of people who use this phrase and the number of people who are known

to have used cannabis in the geographic region.
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Figure 1. Predicted county-level prevalence of cannabis use based on Web-search queries using terms synonymous with "cannabis" and "marijuana’.

P * I - = \
o - : . £
4 /

Prediction

0.00

Table 4. Area Under the Receiving Operating Curve and Spearman correlation between Food and Drug Administration’s Adverse Drug Reporting
System reports and query measures for terms synonymous with “cannabis’ and “ marijuana.”

Measure AUCR Correlation
QR 0.77 39
QLRS® 0.74 31
QPRRY 0.68 35
POR® 0.61 27

8AUC: area under curve.

l:‘QR: query ratio.

YQLRS: query log reaction score.
dQPRR: query proportional rate ratio.
€PQR: proportionality query ratio.
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Figure 2. Receiving Operating Curve (ROC) analysis for detecting Adverse Drug Reactions appearing in Food and Drug Administration's Adverse
Drug Reporting System (FAERS) using Query Log Reaction Score (QLRS).
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o
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True positive rate
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Figure3. Plotted Query Log Reaction Scores (QLRS) versus the number of reportsin Food and Drug Administration's Adverse Drug Reporting System
(FAERS). Each dot represents an adverse drug reaction. Axes are log-scaled. Full red dots denote outliers, as identified by the analysis. Correlation
between FAERS counts and QL RS scores for the blue unfilled dots is .42 (P<.001).
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Figure 3 shows a scatter plot of the QLRS score versus the
number of reportsin FAERS, for the 85 ADRsanalyzed. Marked
separately arethe ADRsidentified asoutliers using an iterative
removal process, asdescribed in Yom-Tov and Gabrilovich [5].
Correlation between FAERS counts and QL RS scores for the
blue unfilled dots is .42 (P<.001), compared with .31 when
these are not removed.

Temporal Profiles of Symptom Queries

We assessed the temporal patterns of the ADRs rated highest
in QLRS (see above) by calculating the fraction of queries that

http://publichealth.jmir.org/2017/4/€77/

RenderX

mentioned an ADR, compared with the fraction of al ADR
queries per day [13], as afunction of the number of days since
the first query for “cannabis’ or “marijuana’ by each person.

The resulting patterns are shown in Figure 4. As the figure
shows, most ADRs (anxiety, depression, hallucination, pain,
overdose, seizure, and withdrawal) begin on day O (the day on
which thefirst query for “cannabis’ or “marijuana’ was made)
and drop to baseline level within the following 10 days.
However, “headache’ begins only 3 to 5 days after day 0, and
“cough” rises after approximately 40 days.
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Figure4. Tempora profiles of symptom queries (Day O=first query for terms synonymous with "cannabis" and "marijuana"). Time series are smoothed
with a 7-day moving average window. Shown are days with the 25% highest activity.
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Discussion

Principal Findings

In this study, we sought to explore the applicability of Web
search data for studying the prevalence of cannabis use aswell
as potentia adverse effects thereof. Using a well-established
model that has been repeatedly shown to be effective in
exploring ADRs of pharmaceutical agents, we show that this
novel low-cost method: (1) provides estimate data which isin
line with epidemiological-derived studies on the spatia
distribution of cannabisuseand (2) revealslesscommon adverse
effects of cannabis that are largely unreported. Together, this
serves as a proof-of-concept for using this type of research
design for studying the adverse effects of illicit drugs.

Our results from state and region-based data when compared
with survey-based data indicate that it is possible to apply a
model created from one level of aggregation to another, with
small degradation in performance. Accordingly, we can estimate
cannabis usage at the county level. The high accuracy of the
mode fit (whichissimilar in valueto modelsfor pharmaceutical
drug use [5]) may indicate that: (1) people who use cannabis
(particularly those concerned about adverse effects) ask about
it online, perhaps because it is an anonymous channel of
communication, which is thus more accessible and less
stigmatizing than “officia” channels such asfamily physicians
and (2) that it is possible to estimate ADRs from these data.
This may have significant implications for public hedth, as
county-level data concerning drug use and other highly
stigmatized behaviors are scarce and usually nonexistent.
Estimates of county-level use may allow tailoring interventions
in local educational and community-based facilities, focusing
on specific counties within aregion with highest rates of use.

Comparing the appearance of frequent ADRs in FAERS and
QLRS, our results show high rates of correlation. Furthermore,
several of the common side effects found in Web searches have
been repeatedly reported in clinical and epidemiological studies.
Our findings on common reports of anxiety and
depression-related symptoms are in line with previous reports
based on conventional datacollection [21]. Wefound high rates
of searches associated with cough among cannabis users; the
findings echo research indicating higher rates of symptoms of
chronic bronchitis compared with nonusers [22]. Common
searches for psychotic symptoms such as parancia and
hallucinations are in line with previous reports of cannabis
intoxication [23] as well as long-term effects of cannabis[24].
Other ADRsrelated to intensity of use (overdose) and cessation
of cannabis use (withdrawal) echo previousreportsaswell [25].
Alongside these commonly reported adverse effects, specific
pain-related ADRS (eg, pain and headache) and “ seizures’ found
in our Web-based resultsare largely underreported and possibly
understudied. We note that, since QLRS accounts for the time
of ADR query vis-a-visthe query for cannabis, queriesfor pain
occur after those for cannabis, and therefore, it is not the case
that pain is the cause for queries regarding cannabis but more
likely the obverse.

Alhough the correlation of ADRs as per FAERS and QLRS is
high, there are severd outliers: hyperhidrosis, asthenia, pyrexia,

http://publichealth.jmir.org/2017/4/€77/
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and vomiting appeared more commonly in FAERS compared
with QLRS. This may indicate more acute side effects. For
example, hyperhidrosis and astheniamay indicate panic-related
symptoms, which may appear acutely following cannabis use
[26]. Although cannabis has been shown to reduce (not increase)
body temperature in preclinical models [27], there are reports
of individuals reporting a subjective feeling of warmth when
intoxicated [28], which may have increased searches of
“pyrexid’ and synonymous terms.

Our results regarding the temporal appearance of ADRs reveal
interesting findings. For several potential ADRS, individuals
searched for them on the same day on which the first query for
“cannabis’ or “marijuana’ was made (“day 0”). Of these, some
represent potentially acute ADRs (eg, hallucinations and
overdose), whereas some may represent an inverse relationship.
For example, in the case of seizure and pain, it is possible that
individuals seeking relief from these problems conducted
searches for cannabis as a potential treatment. However, as
stated above, QLRS takes the time of query for ADR relative
to that of cannabisinto account. Therefore, we hypothesize that
these queries were possibly caused by the ineffectiveness of
cannabis for these symptoms, which caused people to continue
asking about them (and even increasing the number of queries
for them) after querying for cannabis. Thiscould not be directly
explored in this study. Interestingly, though anxiety and
depression have been reported (in some cohorts) as long-term
ADRs associated with cannabis, these appeared on “day 0" of
the cannabis search as per QLRS.

Limitations

The main drawback of relying on Web search dataisthat it is
inherently noisy. It is often impossible to ascertain whether a
person searching for drugsand ADRsis doing so out of curiosity
or conducting research for himself, a relative, or even for a
patient. Admittedly, Internet users comprise a biased sample of
the population, and thus the ADRs discovered may not befully
representative of the entire popul ation. Nonethel ess, our results
suggest that the sheer size of the data alleviates these concerns,
and the proposed method is able to identify adverse effects of
drugsthat are not captured by existing surveillance mechanisms.
Another limitation of this study is using a restricted set of
symptoms expanded through the use of synonyms. Although a
larger dictionary would have all owed identification of additional
(and possibly rarer) ADRs, our focus on more common
symptoms is likely to lead to better identification of the more
common concerns to patients. Future work will focus on
professionally used term dictionarieswhich will allow focusing
on knowledgeable patients and health providers. Another way
to strengthen our results is the use of non-English search data,
which will increase the volume of data (and the size of the
observed population), thus enabling the analysis of lessfrequent
drugs and ADRSs. In any case, a particular challenge when
exploring ADRs of illicit drugs is the plethora of street-names
that may evolve rapidly and differ substantially across regions
and countries. In addition, this approach raises specific
challenges when exploring long-term effects of misuse of
prescription drugs (such as opioids, stimulants, and sedatives),
asthisrequires differentiating cases of prescription medication
use (ie, according to physicians’ recommendations) and misuse
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(eg, abuse or dependence). Finally, although thiswork is based
on data from a large Internet search engine, it does not cover
the entire population. However, privacy concerns preclude
conducting our analysis across search engines, asthelatter never
share information about their users. Nevertheless, given the
sheer number of users whose data were analyzed in the study
(33% of the US population, which is especially notable
compared with most epidemiological studies), we believe our
findingsare novel and significant. It should a so be emphasized
that QLRS discovers ADRS via aggregating queries across
multiple users and query sessions. Consequently, the output of
our method does not include any private, personal, or
user-specific data whatsoever.

Conclusions

With rising prevalence rates in recent years and a growing
controversy on its health-related effects and legal status,

Yom-Tov & Lev-Ran

cannabis use is widely debated in academic, legidative, and
popular platforms. In light of this debate, long-term effects of
cannabis use must be carefully explored. Current
epidemiological research, in theform of face-to-faceinterviews
or telephone screening, suffers from several methodological
drawbacks, including, for example, limited sample size and
report bias. The latter may be particularly important when
exploring effects of illicit substances, as false reporting is
common because of social desirability bias[29]. Our proposed
method provides a novel, low-cost, and rapid method for
exploring prevalence of use, characteristics of users, and
underreported adverse effects of illicit drug use. To the best of
our knowledge, these methods have not been reported before
and may provide a particularly valuable method for studying
use and effects of illicit drugs.
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Abstract

Background: Publicly available fitnesstweets may provide useful and in-depth insightsinto the real-time sentiment of aperson’s
physical activity and provide motivation to others through online influence.

Objective: The goal of this experimental approach using the fithess Twitter dataset is two-fold: (1) to determine if thereisa
correlation between the type of activity tweet (either workout or workout+, which contains the same information as a workout
tweet but has additional user-generated information), gender, and one’s online influence as measured by Klout Score and (2) to
examine the sentiment of the activity-coded fitness tweets by looking at real-time shared thoughts via Twitter regarding their
experiences with physical activity and the associated mobile fitness app.

Methods: The fitness tweet dataset includes demographic and activity data points, including minutes of activity, Klout Score,
classification of each fitness tweet, the first name of each fitness tweet user, and the tweet itself. Gender for each fitness tweset
user was determined by afirst name comparison with the US Social Security Administration database of first names and gender.

Results: Over 184 days, 2,856,534 tweets were collected in 23 different languages. However, for the purposes of this study,
only the English-language tweets were analyzed from the activity tweets, resulting in a total of 583,252 tweets. After assigning
gender to Twitter usernames based on the Social Security Administration database of first names, analysis of minutes of activity
by both gender and Klout influence was determined. The mean Klout Score for those who shared their workout data from within
four mobile appswas 20.50 (13.78 SD), lessthan the general Klout Score mean of 40, aswasthe Klout Score at the 95th percentile
(40 vs 63). As Klout Score increased, there was a decrease in the number of overall workout+ tweets. With regards to sentiment,
fitness-related tweets identified as workout+ reflected a positive sentiment toward physical activity by aratio of 4 to 1.

Conclusions: The results of this research suggest that the users of mobile fithess apps who share their workouts via Twitter
have alower Klout Score than the general Twitter user and that users who chose to share additional insights into their workouts
are more positive in sentiment than negative. We present a novel perspective into the physical activity messaging from within
mobile fithess apps that are then shared over Twitter. By moving beyond the numbers and evaluating both the Twitter user and
the emotionstied to physical activity, future research could analyze additional relationships between the user’s online influence,
the enjoyment of the physical activity, and with additional analysis along-term retention strategy for the use of a fitness app.

(JMIR Public Health Surveill 2017;3(4):e82) doi:10.2196/publichealth.8507
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Introduction

Physical activity can reduce the risk for many different types
of chronic diseases and can help people maintain a healthy
weight. Although this knowledge is widely known, adults and
children in many countries do not get recommended amounts
of physical activity [1]. Recent advances in physical activity
monitoring now provide researchers with unparalleled
opportunitiesto increase and improve our understanding of the
health benefits of physical activity by assessing daily quantities
of activity, patterns, and trends [2], as well as the real-time
sentiment of physical activity. Research suggeststhat technology
is one factor that has contributed to the increase in sedentary
behavior and decrease in physical activity, but it hasalso led to
anumber of innovative physical activity interventions[1].

One such innovation is through the use of mobile fitness apps
and the sharing of one’sworkout through asocial network. This
paper will focus on the collection of self-reported fitness data
through amobilefitness app that isthen shared with one's social
network via Twitter. The dataset of these tweets along with
other connected datasets of demographic information allows
for a number of analyses, including but not limited to the
potential influence of such tweets and the sentiment of these
tweets. By combining the digital traces as people interact
through mobile phones and emerging technology may now
provide novel methods to assess a range of factors objectively
and with minimal expense and burden to participants [3]. This
paper will review both the potential online influence and the
sentiment of the shared fitness tweets.

Social media has changed the way society is exposed to
information [4]. Social networking sites such as Twitter have
developed into increasingly useful platforms for the general
public to share thoughts, ideas, and opinions. Twitter is afree
social networking platform that iswidely used around theworld
by businesses and individuals and is considered one of the most
widely used microblogging platformswith 328 million monthly
active users with more than 1 billion unique monthly visits to
siteswith embedded tweetswith amission to “to give everyone
the power to create and share ideas and information instantly,
without barriers’ [5]. Twitter users can rapidly and directly
share with and respond to a massive audience, using messages
of 140 characters or less. With the creation and introduction of
newly developing technologies such as Twitter, new
opportunities to obtain global health data that may circumvent
the limitations of traditional data sources used in population
health and physical activity research are now available [3].

At the same time, these publicly shared data are resulting in
vast and growing user-contributed repositories of data [6].
Twitter provides user-generated data that can be collected and
analyzed to examine opinions around health-related foci,
including discussions about physical activity, alcohol and
marijuana use, depression, and suicide [3]. From a
health-promotion standpoint, these data can be useful to measure
participants’ dependence on socia support, given that exercisers
today are just as, if not more, likely to seek motivation and
validation from social media—in particular, Twitter—than their
in-person friends and family members[7]. Becauseitispossible

http://publichealth.jmir.org/2017/4/e82/
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to glean precise information from tweets, including the time of
the tweet and location of the user, this suggests that the
140-character messages could be predictivein other areas, such
asthetypes of physical activity that users engagein and where
and when they engage in these activities.

Using Twitter integration with mabile fithess apps can be a
helpful tool for obtaining descriptive and predictive rea-time
shared health information in a noninvasive way. New and
innovative cloud-based data collection and analysis tools may
aid research efforts because they can yield alarge collection of
tweets in a short period of time. They may aso be useful for
longitudinal data collection [8]. The link between publicly
available health and fitness data sources is made possible as
more users publicly sharetheir self-collected datafrom devices
and apps through social media services such as Twitter [9]. An
enhanced understanding of mobile fitness apps and the sharing
of physical activity through one’s social network, the different
types of measurement properties, and the subsequent generated
dataare critical to furthering our understanding of daily physical
activity.

Sentiment analysisisaclassification process, the primary focus
of which isto predict the polarity of words and to then classify
these words as positive, negative, or neutral with the aim of
identifying attitude and opinions [10]. Specific to Twitter,
sentiment analysisis the task of automatically identifying and
extracting subjective information from tweets. This method of
data analysis has received increasing attention from the
Web-mining community [11]. Although Twitter provides
extremely valuableinsight into publicly shared opinions, it al'so
provides new big data challenges, including the processing of
massive volumes of data and the identification of human
expressiveness within short text messages [11]. Much of the
existing research on textual information processing has been
focused on the mining and retrieval of factual information, with
little research on the processing of opinions[12].

The mining of Twitter for data provides a rich database of
information on peopl € sthoughts and sentiments about amyriad
of health topics, including physical activity. Analysis of social
networks data using Twitter has become a powerful tool that is
currently being used to answer research questions across the
health spectrum, including local and national flu surveillance
[13], the sharing of information between cancer patients [14],
marijuanausage among teens[15], and drug safety surveillance
[16]. This paper represents, to the best of our knowledge, the
first analysis of shared tweets from mobile fitness apps specific
to physical activity. A significant proportion of tweets contained
nonneutral sentiments regarding the shared physical activity of
the four mobile apps featured in this research.

The ability to evaluate the sentiment of an individua
immediately after about of physical activity has been completed
can be powerful. A typical tweet might include the type of
exercise performed, the duration and intensity of that exercise,
and how the person felt during and after the activity. If the
sentiment is negative (eg, “Just hiked to the top of Mt Pisgah.
Took me 2 hours and I'm completely exhausted. Don’t think
I'll do that again! #myfitnesspal”), a coach or trainer can
intervene and modify the activity accordingly. Finding exercise
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that isenjoyable and of the appropriate intensity isan important
precursor to long-term adherence. Behavioral researchers
suggest that one's emotions can profoundly affect individual
behavior and decision making [17]. Simply stated, atweet can
be awindow into real emotion provided in real time.

Other research reported that when fitness promotersinitiated a
#PlankADay challenge on Twitter—which was designed to
encourage core-strengthening exercise—72% of users
participated for at least 30 days straight and at the end of the
challenge reported an increased enjoyment of the activity and
expressed interest in continuing to do abdominal exercise [18].
This indicates that Twitter and other social networks can be
useful in spreading exercise awareness and encouraging positive
exercise behaviors. Together, this information can facilitate
research on how technology can be used to monitor and motivate
physical activity and how online social networks may play a
role in physical activity promotion and adherence. Identifying
the types of people who use mobile fitness apps and finding
ways to track what they do and motivate them to continue to
engage in physical activity is a form of data mining for this
“customer base”

Methods

Collection of Tweets

After areview of online tools that could collect and manage
tweets, an open-source program called TwapperKeeper was
deemed appropriate as the Twitter data-collection tool.
TwapperKeeper is a Web app designed to collect social media
data via Twitter for long-term archival and analysis. The app
uses a Twitter-enabled application program interface (API) that
acts as an interface between the Twitter search function and a
cloud database for tweet storage [19].

For this research, we chose four mobile fithess apps based on
their availability oniPhone, the ability of the mobilefitness app
to share workout information through Twitter, and the fact that
they targeted beginner versus experienced exercisers. The
research team used these criteriato narrow possible choicesand
reviewed additional academic research for previously used apps,
researched publicly available reviews on different mobile fitness
apps, interviewed both developers and users of mobile fitness
apps to obtain their input, and met as a group to finalize the
selected mobile fitness apps to study [20].

The four apps chosen were Endomondo, Nike+, RunKeeper,
and DailyMile. Tweets were then collected from the mobile
fitness apps using the following hashtags. #endomondo,
#nikeplus, #runkeeper, and #dailymile. These were used because
these apps automatically attach these hashtags to a tweet to
indicate it has come from that particular mobile fitness app. It
is through these hashtags that common themes or information
can be grouped within Twitter.

Data collection using TwapperKeeper continued for 184 days.
During thisperiod, 2,856,534 user-generated mobile fitness app
tweets were collected in 23 different languages. The Twitter
data in this study was public, and the research was deemed
exempt from human subjects review. This research was
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approved by the ingtitutional review board of the National
University of Ireland Galway in Galway, Ireland.

Two analyses were completed on a dataset of collected tweets
from four mobile fitness apps. The first was to measure the
onlineinfluence of Twitter usersthrough their Klout Score. The
second was to measure the sentiment of physical activity-related
tweets.

Analysis 1: Measuring Online Influence

Oneimportant factor to consider when analyzing tweetsto report
physical activity is the credibility and authority of the person
sending the tweets. Previous data collectors have looked at a
Twitter user’s number of followers, athough researchers
discovered that monitoring retweets and the messages
themselves are a better predictive tool [21].

Websites such as Klout have developed the meansto determine
auser’sreach or influence on social media. The Klout Scoreis
the measurement of a person’s overall online influence, with
scores ranging from 1 to 100; higher scores represent a wider
and stronger sphere of influence. Scores greater than 50 arerare
[22]. A Klout Score places less emphasis on a user’s number
of followers and number of tweets, but rather measures the
extent to which the user’'s content is retweeted [23]. One's
influence on Twitter can be difficult to measure accurately.
Klout uses more than 3600 features that capture the online social
network activity of the user to conduct the influence analysis
and calculate the Klout Score[24]. The Klout Score allows for
tailored statistical analysis of social mediausage and istangible
proof of the effect of the Internet on a person’s lifestyle [25].
With regards to influence, Internet users perceived a mock
Twitter page with ahigh Klout Score as more credible than the
same page with a moderate or low Klout Score [26].

Online influence services such as Klout are in the process of
scoring millions, eventually billions, of people on their level of
influence. To proponents, the measurement of online influence
is an inspiring tool that encourages the democratization of
influence, where one no longer must be a celebrity, politician,
or media personality to be considered influential.

Recruitment

For this experimental approach, the user’'s Klout Score—a
measure of their onlineinfluence—was used to compare shared
physical activity levels from mabile fitness apps.

In this experiment, we examined the sharing of fitness tweets
from within mobilefitness apps (Nike+, RunKeeper, DailyMile,
and Endomondo) and analyzed the data based on the
participant’s gender and online influence, as measured by their
Klout Score. We identified two types of activity tweets from
dataset: workout tweets, which included what was generated
by the mobilefitness app, and workout+ tweets, which included
the same information as a workout tweet but also contained
user-created communication. We hypothesized that those with
ahigher Klout Score would share fewer minutes of activity and
more overall workout+ tweets. We al so hypothesized that across
both genders, the higher the Klout Score, the lower the minutes
of shared physical activity.
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Figure 1. Thefitnesstweet classification model.

Activity

Workout

Workout+

The data for this research were drawn from an existing dataset
of fitnesstweets from mobile fithess app userswho shared their
physical activity and, in some cases, additional conversation
over Twitter. Over 184 days, 2,856,534 tweets were collected
in 23 different languages. However, for the purposes of this
study, only the English-language tweets were analyzed from
the activity tweets, resulting in atotal of 583,252 tweets.

The Fitness Tweet Classification Model [20] was used to classify
each tweet into main categories of activity, blarney, and
conversation and then into subcategories as shown in Figure 1.

The different types of collected information from the mobile
fitness apps and each corresponding Twitter account provided
anumber of different and unique data pointsto review. For this
experiment, those data points included the activity tweets, the
user's gender, the minutes of physical activity, and the user’'s
Klout Score. The statistical analysis of physical activity on
Twitter from the four selected mobile fitness apps was
performed in SAS 9.3, a software suite developed by the SAS
Ingtitute for advanced analytics, business intelligence, and
predictive analytics, using two key datasets: (1) thefirst dataset
included al user information about Twitter users who sent
tweets relating to workout and workout+ and (2) the second
dataset contained all the actual tweets sent by each user.

Analysis 2: Sentiment Analysis

Recruitment

Of the activity tweets, there were atotal of 408,574 workout+
tweets. From thistotal, arandom sample of 23,391 was created.
These tweets were user-generated, where the end user provided
additional text to a workout tweet (ie, the user provided
supplementary information beyond that which was created by
the app itself). Tweets were then grouped by mobilefitness app
using the corresponding hashtags. There were no significant
numbers of emojis available in the fitness tweets for use in the
sentiment analysis.

http://publichealth.jmir.org/2017/4/e82/
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Sentiment Analysis of Tweets

The AYLIEN Text Analysis for Google Sheet add-on was
utilized for the analysis of the sentiment for each collected
information-sharing conversation tweet asfiltered by the Fitness
Tweet Classification Model.

The AY LIEN Tweet Sentiment Analysisfunctionisathree-step
process:

1. Preprocessing: tweets are normalized and reformatted, and
the parts that are considered irrelevant to the sentiment are
stripped.

2. Parsing: tweets are parsed and their structure, tags, and
negations are extracted.

3. Classification: tweets are classified as positive, negative,
or neutral by a pretrained classifier, assisted by a
lexicon-based approach as a second judge.

For this experiment, the sentiment analysis tool that analyzed
each tweet and returned the value of positive, neutral, or
negative was used for classification. These datawere saved into
an Excel spreadsheet for additional data processing by
converting the text value to a numerical value (positive=1,
neutral=0, and negative=—1).

Results

Analysis 1: Measuring Online Influence

Gender Assignment of Twitter Users Within the Dataset

Twitter does not collect the gender of users. To be able to
compare across genders, a means of identifying the possible
gender of the Twitter userswas needed. To accomplish this, we
used the US Social Security Administration’s name database
to match English names with gender. The name database from
the Social Security Administration website included popular
names ranked by gender since 1880.

The first gender-match calculation between the first namesin
the collected Twitter demographic database (the Twitter user’s
full name was one of the many demographic characteristics
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collected from Twitter) and the Social Security Administration
database eliminated names that were used fewer than 200 times
because many such nameswere much more popular among one
gender than another (eg, girls were named Aaron <0.5% of the
time). The assumption was that this adjustment eliminated a
vast majority of gender confusion among names. Once thiswas
completed, names were matched to genders using the
VLOOKUP function in Excel.

A second gender-match calculation was performed for those
Twitter users with names that appeared less than 200 times, in
which we attempted to assign gender to the remaining names
that did not match in the first round. Usernames that did not
match either gender (<2%) were not included in the analysis.

After gender assignment, a descriptive statistical analysis was
performed to compute the frequency of the following: (1) total
minutes by gender, (2) total minutes by Klout Score, (3) total
minutes by gender and Klout Score, (4) total number of tweets,
(5) minutes exercised per tweet, and (6) total number of workout

Vickey & Bredlin

Determination of Klout Quartiles

To examine the distribution of tweets, minutes of exercise
described by said tweets and the categories mentioned in each
tweet (workout or workout+), it was necessary to separate the
users’ Klout Scoresinto quartiles. We used the quartile method
of data classification to create categories with a rank-ordered
dataset split into four equal parts.

This was done through a two-step process in SAS. First, the
distribution of Klout Scores was examined using the univariate
procedurein SAS (PROC UNIVARIATE) and assigned quartiles
based on that distribution. Second, using a data step, val ues of
1, 2, 3, and 4 were assigned to observations within the first,
second, third, and fourth quartiles, respectively (Table 1). The
maximum of any Klout Score is 100 and the minimum is 1. It
was determined that the median Klout Score from the collected
dataset was 20.50. Asreported by Klout, the mean Klout Score
is40, with userswith ascore of 63 ranked in the 95th percentile

[27].

and workout+ tweets (separately).

Table 1. Klout Score quartiles.
Quartile Klout Score
100% Maximum 100.00
99% 56.59
95% 49.03
90% 44.09
75% Q3 35.65
50% Median 20.50
25% Q1 11.92
10% 10.10
5% 10.00
1% 10.00
0% Minimum 1.00

Number of Activity Tweets (Male Versus Female)

The descriptive statistical analysis found that males produced
57.9% (336,109/583,252) of thetotal of activity tweets, whereas
females produced 42.1% (247,143/583,252). This difference
was consistent across Klout quartiles (Table 2).

Number of Tweets (Male/Female Among Workout
Groups)

The descriptive analysis was expanded to compare males and
femalesin the activity category. It was found that both genders
tweeted far more among the workout group than the workout+
group (72.01%, 420,010/583,252 vs 27.99%, 163,242/583,252)
in the lowest Klout quartile. This trend decreased dlightly
through the second and third Klout quartiles and then
dramatically among the highest quartile of Klout Scores. In that
quartile, the number of tweets varied much less (56.79%,
70,229/123,656 vs 43.21%, 53,427/123,656).

http://publichealth.jmir.org/2017/4/e82/

Mean Minutes Per Tweet (Males Versus Females)

The ANOVA procedure (PROC ANOVA) within SAS was
used to compare the mean number of minutes tweeted by each
gender using gender in the class statement and setting the model
as minutes=gender. It wasfound that, overall, the mean number
of minutes tweeted did not vary significantly between males
and females. However, the mean number of minutes tweeted
was almost double among females of the lowest Klout Score
quartile (Klout <11.92).

Determination of Activity Tweets by Klout Quartile

After assigning quartiles, we examined the frequency of
observations within each stratum of Klout Scores using PROC
FREQ in SASfor thefollowing (Table 3): (1) minutes by Klout
Score quartile and (2) exercise types by Klout Score quartile.

Tests of Significance Between Groups. Minutes Tweeted
Between Workout Categories

Also using the ANOVA procedure within SAS, analysis
compared the total number of minutes tweeted among workout
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groups (workout vs workout+) and found a statistically

significant difference (P=.01; Table 4).

Analysis 2: Sentiment Analysis
Sentiment Analysis of Workout+ Tweets

In total, there were 23,391 unique tweets within the original
dataset that fit the filtering criteria from this random sample.

Table 2. Klout Score by activity tweet (N=583,252) and gender.

Vickey & Bredlin

Four of the mobile fitness apps were used in this analysis:

DailyMile, Endomondo, Nike+, and RunKeeper. The overall
sentiment of all mobile fitness apps suggests that half of these
workout+ activity tweets were neutral in nature (Table 5). In
addition, there were four times as many positive tweets than

negative. The breakdown of sentiment analysis for negative,
neutral, and positive sentiment by mobile fitness apps is also
presented in Table 5.

Quiartile and Klout Score

Activity tweets, n (%)
Male (n=336,109)

Female (n=247,143)

: <11.92 (n=179,831)

1

2: >11.93 and <20.50 (n=154,669)
3: >20.51 and <35.65 (n=125,096)
4

: >35.65 (n=123,656)

102,007 (56.7)
89,822 (58.1)
73,394 (58.7)
70,886 (57.3)

77,824 (43.3)
64,847 (41.9)
51,702 (41.3)
52,770 (42.7)

Table 3. Workout and workout+ tweets by Klout quartile.

Quiartile and Klout Score

Workout tweets (n=420,010)

Workout+ tweets (n=163,242)

Tweets, n Minutes (total) Minutes per tweet, Tweets, n Minutes (total) Minutes per
mean (SD) tweet, mean (SD)
1:<11.92 143,552 6,320,924 44.05 (97.26) 36,279 1,745,722 48.12 (128.83)
2:>11.93 and <20.50 118,047 5,125,345 43.42 (65.54) 36,622 1,666,997 45.53 (91.67)
3: >20.51 and <35.65 88,182 4,348,112 49.32 (324.43) 36,914 1,694,811 45,91, (104.47)
4: >35.65 70,229 2,897,436 41.26 (54.97) 53,427 2,550,963 47.75 (285.42)
Table 4. Minutes exercised by gender and Klout Score among workout group.
Quartile and Klout Score Mae Femae
Tweets (%o total  Minutes (total) Minutes per Tweets (% total  Minutes (total) Minutes per
males) tweet, mean (SD) females) tweet, mean (SD)
Workout? 241,254 10,935,339 4533(48.10) 178,756 7,756,479 43.40 (96.69)
1:<11.92 81,503 (33.78) 3,528,992 43.33 (48.10) 62,049 (34.71) 2,791,932 45.00 (137.26)
2: >11.93 and £20.50 67,666 (28.05) 2,942,049 43.48 (56.45) 50,381 (28.18) 2,183,296 43.34 (76.06)
3:>20.51 and <35.65 51,863 (21.50) 2,811,512 54.21 (420.74) 36,319 (20.32) 1,536,600 42.33 (51.54)
4: >35.65 40,222 (16.67) 1,652,786 41.09 (49.08) 30,007 (16.79) 1,224,650 41.50 (61.62)
Workout+? 94,855 4,437,573 46.79(234.49) 68,387 3,220,919 47.10 (117.44)
1:<11.92 20,504 (21.62) 952,567 46.46 (114.94)  15775(23.07) 793,154 50.28 (144.89)
2:>11.93 and <20.50 22,156 (23.36) 1,002,024 45.24 (85.01) 14,466 (21.15) 664,973 45.97 (101.02)
3: >20.51 and <35.65 21,531 (22.70) 983,395 4567 (112.10) 15,383 (22.49) 711,416 46.25 (98.06)
4: >35.65 30,664 (32.33) 1,499,587 48.90 (362.80) 22,763 (33.29) 1,051,375 46.19 (117.88)

8 There was no significant difference between males and females in the number of tweets for workouts (P=.64).
b There was no significant difference between males and females in the number of tweets for workout+ (P=.55).
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Table5. Total number of tweets by sentiment and app.

Tweets and sentiment Total DailyMile Endomondo Nike+ RunK eeper

Total number of tweets, n 23,391 9298 820 3999 9284

Positive sentiment, n (%) 9389 (40.14) 7097 (76.41) 211 (25.73) 418 (10.45) 1663 (17.91)

Negative sentiment, n (%) 2342 (10.01) 1392 (14.99) 51 (6.22) 350 (8.75) 549 (5.91)

Neutral sentiment, n (%) 11,660 (49.85) 799 (8.60) 558 (68.05) 3231 (80.80) 7072 (76.17)
Figure 2. Word clouds by mobile fitness app.
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Discussion

Analysis 1: Measuring Online Influence

This study further explored a novel approach to classify fitness
tweetsthrough Klout influence score. The study further stretified
by gender through the use of avalidated government database,
which was probability matched to our data using exact matching
procedures. This gender validation allowed for additional
analysis of the gender breakdown of the existing dataset. The
datawerefiltered through the matching criteriatwiceto improve
precision, resulting in a97% gender match. Although we gender
matched twice, the process used to gender match could still be
missing a few names that appear more often today than they
did even afew years ago. Because popular names can change
with high frequency, some gender matching in this study may
not be valid within several years.

http://publichealth.jmir.org/2017/4/e82/
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Based on the current database of collected fitness tweets from
five mobile fitness apps, the highest Klout quartile included
those individuals with a Klout Score of 35.65 or greater. Klout
Scores can reach 100; therefore, our highest score tier may not
capture an accurate representation of the most influential people
on the Twitter platform. Additional insights from this research
are described subsequently.

Men Share Their Physical Activity From MobileFitness
Apps Via Twitter More Often Than Women

Based on this research, men share their workouts using Twitter
and mobile fitness apps more often than women (54.35%,
336,109/618/458 vs 45.65%, 282,349/618,458). Although we
believe this to be the first gender analysis of the sharing of
physical activity from mobile fitness apps using Twitter,
previous research on the overall gender use of Twitter suggests
that more women than men use Twitter [28], with some
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nonacademic research suggesting that 40 million more women
use Twitter on a monthly basis, that 62% of Twitter users are
women [29], and those with a higher Klout Score tend to be
women. Additional research regarding gender suggests that
women are likely to be more active on Twitter as opposed to
men, with women tweeting once every 20 hours versus men
tweeting once every 26 hours [30].

However, additional research into our dataset using third-party
software called Demographics Pro suggests that the average
mobile fitness app user in the fitness tweet dataset isamalein
his early thirties, typically married with children and having a
high income. Additional insightsinto the users of mobilefitness
apps who also tweet their physical activity includes that this
group’s most common professions are programmers,
photographers, church leaders, designers, and teachers. The
group has a notably high concentration of Web developers
(within the top 10% of overal Twitter distribution in this
respect). In their spare time, they particularly enjoy beer,
political news, wine, comedy/humor, and cooking. People in
this group are charitably generous and particularly health
conscious. Sportsthat rise most notably above the Twitter norm
include cycling, skiing, and golf. As a consumer, this group is
relatively affluent, with spending focused most strongly on
technology, wining/dining, and health/fitness. Their strongest
brand affiliations include Apple Store, Trader Joe's, CrossFit,
Trek Bicycle, and MyFitnessPal.

The Design of the Mobile Fitness App and the Sharing
of Physical Activity Data to Social Networking Sites
Matters

The sharing of workout+ tweets is dramatically enhanced by
the user interface of the mobile fitness app. When comparing
the four mobile fitness apps for the total number of activity
tweets (workout tweets plus workout+ tweets), the most popular
mobile fitness app was Endomondo (211,240 tweets), followed
by NikePlus (203,991 tweets), DailyMile (183,732 tweets), and
MyFitnessPal (70,723 tweets). The same usage ranking order
was seen with men and women (men: 123,482 for Endomondo,
116,388 for NikePlus, 106,846 for DailyMile, and 70,723 for
MyFitnessPal; women: 87,758 for Endomondo, 87,603 for
NikePlus, 76,886 for DailyMile, and 30,233 for MyFitnessPal).
However, there was a large difference when reviewing the
workout+ tweets with 97.67% (173,790/177,943) of all
workout+ tweets from DailyMile, 1.89% (3358/177,943) from
NikePlus, 0.44% (776/177,943) from Endomondo, and no
workout+ tweets from MyFitnessPal. In reviewing the user
interface for all four mobile fitness apps, it is evident that the
design of DailyMile made it much easier to share not only the
workout, but also additional information about the workout
when compared to the other three mobile fitness apps. Also
during the evaluation time period for the activity tweets,
Endomondo used athird-party service called @addthisto share
workout+ tweets. With no workout+ tweets from MyFitnessPal,
we determined that the app made adesign decision to not allow
users to share additional information regarding their physical
activity workouts.
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ThereisBrand Loyalty Regarding Mobile Fithess App
Usage and the Sharing of Physical Activity Data Using
Twitter

Of the 113,340 overall users in the dataset, 97.21% (110,186
users) tweeted their physical activity from just one mobilefitness
app, 3105 (2.74%) used two mobile fitness apps, with 101
(0.09%) users sharing from three mobile fitness apps and just
one user (0.0009%) sharing from four mobile fitness apps. We
base this on the analysis of tweets per users and cannot
determine the actual usage of the app, only the sharing of
physical activity data from the apps. We surmise one reason
that morethan 97% used just one app could beloyalty, but other
reasons such as poor user interface and difficulty in connecting
one's Twitter account to the mobile fitness app may account
for other reasons.

Analysis 2: Sentiment Analysis

A better understanding of the onlineinfluence of those who are
sharing their fithess tweets may lead to new and innovative
ways to encourage their followers to be more physically active
through peer-to-peer influence, similar to programs created by
marketing agenciesto influence consumer behavior. Analogous
to the other health-related research, physical activity researchers
can monitor and attempt to influence physical activity Twitter
chatter sent by influential Twitter users who are physically
active and popular among various demographic groups and age
ranges [15]. The findings can be used to inform online and
offline efforts that work to target individuals who are most at
risk for the harms associated with alack of physical activity.

The relatively high number of neutral tweets was expected
because each of the mobile fitness apps had a predetermined
structure that limited additional information that could be
included by the user. There also is the fact that a majority of
the tweets ssimply did not contain words or phrases that could
be classified as either positive or negative. Additional insights
from this research are described subsequently.

The Real-Time Shared Sentiment of the Physical Activity
Can Provide Additional I nsights to Physical Activity

We believe that the sharing of one’'s physical activity with
additional commentary (for the purposes of thisresearch called
workout+ tweets) from mobile fithess apps can provide
researchers with new insights that in the past may have been
difficult to measure. The design of many of the mobile fitness
apps alows for the user to share characteristics such as who
they were with, the type of weather, thelocation of the physical
activity, and their immediate thoughts regarding the physical
activity. These and other insights will alow physical activity
researchers to have a greater understanding into the rea-time
reasons, thoughts, and sentiment of how and perhaps why a
person partakes in physical activity. These data will enable a
greater understanding surrounding the complexities of physical
activity, which can then be used for an enhanced design of
mobilefitness apps as apotential tool in the decrease of physical
inactivity.
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Most Shared Mobile Fitness App Physical Activity Is of
a Structured Exercise Type

It is through the analysis and interpretation that the context of
fitness tweeting from within mobile fitness apps provides
insights into what is being shared, by whom, and for what
reasons. Based on the type of information collected, it can be
expected that a majority of the activities shared using mobile
fitness apps through Twitter were of amore structured exercise
type, as opposed to continuous monitoring of daily physical
activity. Thisis possibly due to the additional battery drain on
the mobile phone of the user, which would preclude daylong
usage of the app. In addition, the structure of the tweets would
also suggest that these activities were measured in terms of
duration, suggesting activities such as a run, walk, bike, or
traditional workout. Because of the nature of some of the activity
tweets, it was possible to extract additional information,
including the actual type, distance, and the amount of time spent
on an activity. It was possible for outliers to be present within
the database. For example, the first use of a mobile fitness app
could be the user testing the mobile fithess app that may have
prompted an activity tweet with a very short-duration activity
(seconds rather than minutes), whereas very long-duration
activities were sometimes recorded for activities when the
person did not properly end hisor her mobilefitness app activity
session. It was possible that some of the longer-duration
activities were, in fact, long exercise sessions. For example, a
person training for a marathon would track long runs.

A Significant Majority of Users From Each App Used
the App More Than Once

Based on the research data, the number of one-time users of a
mobile fithess app that shared their workout using Twitter
(activity tweets) was calculated. Although the research cannot
determineif aperson continued to use a mobile fitness app and
decided not to share via Twitter, it was determined that of all
users, between 17% and 27% used the sharing to Twitter feature
only once depending on the app. A humber of reasons could
exist for one-time use, including user error, experimentation of
sharing functionality, or testing by a user choosing a maobile
fitness app. From the 165,768 users that posted activity using
a mobile fitness app that was then shared via Twitter, the
database included 76,192,059 minutes of activity over the
6-month time period. These minutes are equivalent to 52,911
days, 1738 months, or more than 145 years of combined activity
minutes. We cannot determine if this physical activity was the
only performed physical activity by each user during the time
period because it is understood that users may have completed
physical activity without using their mobile fitness app.

These findings and interpretations should be regarded as
exploratory and specul ative because they represent what can be
potentially done in a short development time and with ease of
use for non-computer programming health-promotion
researchers.

Limitations

There are a number of limitations to this research study.
Utilizing outside data, in this case the US government, to
determine each user’s gender leaves room for error.
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This research was conducted using the Twitter firehose, which
allows for the collection of al publicly available tweets.
Although we are confident in this data-collection process, there
is no way to verify it without a financial expense to purchase
all tweets. There also remains a challenge in the extraction of
useful data from these repositories through data mining and
knowledge discovery [6] due to a rapidly evolving explosion
of data services and tools that can be used for analysis. Thisis
due in large part to commercial pressures and the potential for
using social networking data for computational research [31].
To minimize this limitation, we were able to link different
datasets using the user’s Twitter name as the unique identifier
through free publicly available data. Future work could enhance
our model by purchasing commercialy available datasets for
analysis.

There has been asteady growth of social mediausage, from 5%
of the US population in 2005 to closeto 70% in 2015. Asmore
Americans have adopted social media, the user base has also
grown more representative of the broader population; however,
it isstill most used by younger age groups [32].

Comparison With Prior Work

The use of social media and emerging technologies to study
physical activity and the possible lack thereof continues to
increase with the development of such technologies. Previous
research has shown an interest in specific characteristics of the
socia environments adversely affecting health outcomes [3].
Other research has studied the use of wearablesand other smart
devicesto quantify various different health conditions with the
self-reported data being shared on social networks, such as
Facebook and Twitter [9], and have suggested that the adoption
of such emerging technology to monitor physical activity has
created new research opportunities to observe, quantify, and
define physical activity in the real-world setting [2]. Our
research continues to build on these previous studies by
providing researcherswith other optionsfor data collection and
different objectives to consider.

Previous work regarding the role of technology on physical
activity through social media includes a dearth of studies that
have studied various aspects of the impact of social media on
physical activity. Some research has focused on the behavior
change challenges that include self-monitoring, goal setting,
and problem-solving strategies [33]. Other research has
suggested a changein how we think about physical activity and
sedentary behavior measurement, aresearch topic that includes
the use of mobile fitness apps and social networks that can
collect large amounts of real-time data that previously would
have been difficult to collect [34]. Research by Tsoh [35]
explores contextual and psychological factorsthat may underlie
the observed low physical activity levels among mobile fitness
app users. Our researchismore closely related to that of Grundy
et a [36] on the network analysis of prominent health and fitness
apps and work by Haddadi et al [37] on theintegration of shared
health and fitness data from mobile fithess apps that are shared
over social networks. Although these works are highly relevant
to the research presented in this paper, we expand the research
by carrying out data analysis including gender and online
influence.
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Similar approaches to inferring gender include works using a
gender-based dictionary [38], through profile picture and
background inference [39], and a third-party Web service that
can often reveal gender through proprietary algorithms [40].
Specific research on using social media networks and physical
activity include work by Althoff et al [41] on the influence of
Pokemon Go, the tweeting of physical activity as a possible
method to increase physical activity by Tsoh [35], and work by
Liu and Young [42] on using social media data analysis for
physical activity surveillance.

Future Work

We created a very powerful tool for conducting large-scale
research by collecting physical activity data from Twitter, but
the demographics used in this research could suggest a bias
regarding the breakdown of mobile fithess app users and thus
underrepresent certain groups. If researcherswish to use Twitter
and mobilefitness appsfor physical activity research, additional
steps would need to be taken to ensure that al groups are
represented in the data samples collected. Apart from technical
limitations, there could be ethical challenges that are equally
as challenging. Although tweets are considered public, they
may contain information that many would consider “private”
due to the possible misconception of the perceived audience (a
user's Twitter followers) versus the actual audience (data
researchers) [9]. To expand on this work, additional
investigation could address possible trends specific to forms of
physical activity per gender that could constitute ahigher Klout
Score.

Vickey & Bredlin

The popularity of consumer-facing health wearables (eg, Fithit,
Garmin) that also share physical activity datawith online social
networks would be a topic worthy of future research. By using
these tracking devices, which monitor physical activity on an
ongoing basis, a more inclusive picture of daylong physical
activity can be achieved. This isin contrast to mobile fitness
app data, which is typically collected and shared following a
traditional “workout” (eg, a walk, run, bike). The same data
collection and classification model presented in this paper can
be used with minimal changes. With regardsto onlineinfluence,
other work could use an alternate measure of online influence
rather than Klout.

Conclusion

This research analyzed publicly shared physical activity data
collected via Twitter from five different mobile fitness apps.
From this dataset, two analyses on the data were conducted to
highlight the unique ability to use this type of data within the
study of physical activity. The first analysis categorized the
usersinto four quartiles that represented their online influence
as calculated by Klout as well as a method to assign gender to
each Twitter user. The analysis suggests that men share their
workout tweets more than women, that there is more basic
sharing of physical activity data (workout tweets) when
compared to tweets that also contain commentary by the user
(wourkout+ tweets), and that there is no significant difference
in the tweseting of men and women. The second analysis was
conducted with workout+ tweets and showed, across al apps,
most of the shared tweets were neutral, but for those with a
sentiment there were four times as many positive tweets as
negative.
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Abstract

Background: People using the Internet to find information on health issues, such as specific diseases, usually start their search
from a general search engine, for example, Google. Internet searches such as these may yield results and data of questionable
quality and reliability. Health Library is a free-of-charge medical portal on the Internet providing medical information for the
genera public. Physician’s Databases, an Internet evidence-based medicine source, provides medical information for health care
professionals (HCPs) to support their clinical practice. Both databases are available throughout Finland, but the latter isused only
by health professionals and pharmacies. Little is known about how the general public seeks medical information from medical
sources on the Internet, how this behavior differs from HCPS' queries, and what causes possible differences in behavior.

Objective: Theam of our study was to evaluate how the general public’s and HCPs' information-seeking trends from Internet
medical databases differ seasonally and temporally. In addition, we aimed to evaluate whether the general public’'s
information-seeking trends could be utilized for disease surveillance and whether media coverage could affect these seeking
trends.

Methods: Lyme disease, serving as a well-defined disease model with distinct seasonal variation, was chosen as a case study.
Two Internet medical databases, Health Library and Physician’s Databases, were used. We compared the general public’s article
openings on Lyme disease from Health Library to HCPS' article openings on Lyme disease from Physician’s Databases seasonally
across Finland from 2011 to 2015. Additionally, media publications related to Lyme disease were searched from the largest and
most popular mediawebsites in Finland.

Results: Both databases, Health Library and Physician’s Databases, show visually similar patterns in temporal variations of
article openings on Lyme disease in Finland from 2011 to 2015. However, Health Library openings show not only an increasing
trend over time but also greater fluctuations, especially during peak opening seasons. Outside these seasons, publications in the
media coincide with Health Library article openings only occasionally.

Conclusions: Lyme disease—related information-seeking behaviors between the general public and HCPs from Internet medical
portals share similar temporal variations, which is consistent with the trend seen in epidemiological data. Therefore, the general
public’s article openings could be used as a supplementary source of information for disease surveillance. The fluctuations in
article openings appeared stronger among the general public, thus, suggesting that different factors such as media coverage, affect
the information-seeking behaviors of the public versus professionals. However, media coverage may also have an influence on
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HCPs. Not every publication was associated with an increase in openings, but the higher the media coverage by some publications,

the higher the general public's accessto Health Library.

(JMIR Public Health Surveill 2017;3(4):e86) doi:10.2196/publichealth.8306
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infodemiology; infoveillance; surveillance

Introduction

Background

Internet users seeking health information on the Web begin their
search using general search engines such as Google, Bing, or
Yahoo [1-5]. Some may start searching on a social networking
site such as Facebook [1]. Adultslooking for health information
from the Internet and social media, sometimes called online
diagnosers, are more likely to be women, younger adults, and
peoplewho have higher education and better household earnings
[1,3,6]. Users explore only the first few links from the general
search engine results [7], and when assessing the reliability of
the website, they primarily look for the source, professional
design, and signs of scientific or officia touch [7]. Genera
search engines, however, cannot profiletheir users[8], athough
the characteristics and behavior of those seeking health
information have been assessed [1]. Those seeking health
information from the Internet consist of both the general public
and health care professionals (HCPs) [4,9]. Hedth-related
informati on-seeking behavior may be affected by several factors
such as personal health disorders, thirst for knowledge, or even
media coverage [1,10]. Information is transmitted to large
audiences using both conventional media (eg, television,
newspapers, and radio) and digital media (ie, Internet and
mobile). The Internet has allowed information to spread fast
and far. In 2013, arandom-sampled survey (4750 peoplein the
age group of 16 to 89 years) from popul ation information system
in Finland was carried out via telephone interview. It showed
that 86% (4085/4750) of Internet users read media websites,
76% (3610/4750) searched information from Wikipedia or
similar wikis, and 56% (2660/4750) participated in socia
networks such as Facebook or Twitter [11]. In 2013, 80%
(3800/4750) of all householdsin Finland had broadband Internet
[11]. Of health information topics sought after on the Web,
specific diseases are the most common [1], including disease
with a seasonal incidence.

Lyme diseaseisatick-borne bacterial infectious disease caused
by a spirochete (Borrelia burgdorferi sensu lato) [12], which
usually occursin northern temperate climate zones worldwide
[13], including Northern Europe (Nordic countries), Central
and Eastern Europe, and North America (the United States and
Canada). Incidences of Lyme disease differ depending on the
month of the year (seasonal variation) and its specific ecol ogical
conditions, thus, making the risk of Lyme disease infection
greatest between late spring and autumn [12]. In Finland, located
in Northern Europe, the incidence of Lyme disease has
increased, and seasona and regional variation is apparent
[13-16]. A hite from an infected tick and the resulting human
infection typically occur when people spend time outdoors. Due

http://publichealth.jmir.org/2017/4/e86/

to seasonal tick activity, the clinical manifestations of Lyme
disease[12,13,17] mostly appear during summer [13,17]. Inthe
early stage of the disease, local reddish ring-form skin rash, so
called erythema migrans, occurs 3 to 30 days after exposure.
Systematic symptoms such as fever, headache, muscular pain,
and tiredness are common. Patients diagnosed early with
localized Lyme disease can be treated with an oral antibiotic
therapy [13,17]. If left untreated, theinfection may disseminate
throughout the body via bloodstream which results in, for
example, joint inflammation and neurological and cardiac
manifestations. The most common Internet queries on health
information focus on specific diseases and medical treatments
[1], including Lyme disease.

When searching current health issues, the searches used to
access databases where this information is located may be
utilized for disease surveillance. However, early warning
systems may not monitor information only on atrue epidemic
but also on an epidemic of fear (fear epidemiology) [10,18].
The use of population health technologies during the severe
acute respiratory syndrome (SARS) epidemic demonstrated that
an epidemic of fear may trigger changesin collective searching
behavior gathered by early warning systems. Thus, false positive
warnings may lead to mediareports and then affect the public's
search behavior on the Internet [18]. Notably, the genera
population’s awareness of currently common infectious diseases
may have an effect on health information searches on Google,
which could be escalated by the media [8,10]. Along with
current common infectious diseases, Lyme disease has aso
stirred interest among Internet users who have searched
information related to Lyme disease via Google [5]. These
search data from Google Trends have approximated the trends
in seasonality and spatial distribution previously identified in
Lymedisease[5]. Asinthe SARS epidemic[18], Lymedisease
could also trigger an epidemic of fear, especialy at the time of
extensive media coverage on Lyme disease. This may lead to
a positive feedback loop between Lyme disease searches and
media coverage [18]. Two terms are defined when framing
methods on health-related Internet information and
epidemiological data [19]: infodemiology (information
epidemiology) and infoveillance (information surveillance).
Infodemiology is defined as a discipline within public health
informatics that studies information in an electronic medium
or in apopulation, with the aim of informing public health and
public policy. When infodemiology data are used for
surveillance purposes, theterm used isinfoveillance [19]. Lyme
disease, serving as a well-defined disease entity, was used in
our previous study [14] where we showed that HCPS searches
of Internet evidence-based medicine sources coincided with
national register-based data on the geographical findings of
Lyme disease diagnoses. Lyme disease searches of Internet
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medical databases presented seasonal and regional variation,
and a suggestion was made to consider searches as an additional
information source for disease surveillance. Although Internet
users health information—seeking behavior has been studied
previously [1-3,7,8], little data exist on the general public’'s
health information searches of adedicated medical database on
the Internet. Therefore, Lyme disease was chosen as the
indicator for our study to be evaluated from Internet medical
portals.

Duodecim Medical Publications Ltd (owned by the Finnish
Medical Society Duodecim) publishes a wide selection of
medical information targeted at HCPs[20]. It also producesand
maintains an Internet medical portal called Health Library
(Terveyskirjasto in Finnish) aimed at the general public
(population of Finland: 5.5 million people, 2016 [21]). This
publicly available portal consists of more than 10,000 medical
articlesthat were opened over 50 milliontimesin theyear 2016.
Each opened articleistrackedinalogfile. Thearticlesin Health
Library follow the guidelines published on the Internet-based
commercia portal service (Terveysportti), where the principal
service is the Physician’s Databases, produced and maintained
by Duodecim Medical Publications Ltd. Quality criteria of
Health on The Net [22] are met in the production process of the
articles in Hedth Library. Physician's Databases includes
point-of-care Evidence-Based Medicine Guidelines designed
for clinical practice comprising 1300 primary care practice
guidelines. In the guidelines, more than 4000 treatment,
medication, or diagnostic recommendations are linked to
quality-graded evidence summaries and further to Cochrane
full-text reviews when available [23]. When producing the
guidelines, Duodecim Medical Publications Ltd follows the
process accredited by the National Institute for Health and Care
Excellence (NICE). The databases also include, for example,
120 National Current Care Guidelines published by Duodecim
Medical Society, access to the Cochrane library, Duodecim
Medical Journal, Finnish Medical Journal, acute care database,
drug databases, search enginefor ICD-10, and procedure codes.
Every year, approximately 15 million health-related articlesare
opened from Physician's Databases. Over 500 medical
professionals within their own field of expertise participate in
updating and developing the articles. Physician’s Databases is
available to HCPs throughout the Finnish health care system
by employers; thus, the health care centers and hospitals
purchasetheright to use the service. The users of databases can
be tracked in primary and specialized health care and also in
pharmacies by an Internet protocol address included in alog
file. Approximately two-thirds of Physician’s Databases' users
consist of physicians working in Finland (personal
communication with P Mustonen, August 21, 2017), where
there were over 20,000 working-age physicians in 2016
comprising 60% (12,507/20,970) females and 40%
(8463/20,970) males [24]. Other users include nurses and
pharmacists. The contents of both Heath Library and
Physician’s Databases are in Finnish.

http://publichealth.jmir.org/2017/4/e86/
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Hypotheses

The primary aim of our study was to compare the genera
public’s openings of Health Library articles on Lyme disease
to HCPs' openings of Physician's Databases articles on Lyme
disease seasonally throughout Finland from 2011 to 2015 and
to evaluate how information-seeking trends from Internet
medical databases differ seasonally over a 5-year period
(January 2011-December 2015). We hypothesized that the
timing of the general public’'s and HCPs' article opening on
Lyme disease is mainly similar, thus, making it possible to use
the genera public’s article openings as an additional source of
information for disease surveillance. However, we also assumed
a priori that patterns would contain some differences in start
and end points between openings in the Health Library and
Physician’'s Databases. The secondary aim of our study was to
evaluate whether media publications on Lyme disease are
associated with the general public's Health Library openings
outside epidemic seasons. The hypothesis was that media
coverage has aninfluence onthe general public’sarticle opening
related to Lyme disease.

Methods

Study Design and Data Collection From I nternet
Medical Portals

We carried out a descriptive register-based study on the general
public’'s and HCPs' article openings related to Lyme disease
from Internet medical portals to compare logs to evaluate
seasonal variations of Lyme disease across Finland from 2011
to 2015. We retrieved retrospectively logs of both articles in
the Health Library and Physician’s Databases by assessing the
number of openings of Lyme disease articles weekly by the
genera public and HCPs, respectively. The Health Library logs
include only data on the article openings of Lyme disease across
the entire country with no geographically distributional data,
whereas the Physician’s Databases | ogs include both openings
and searches on Lyme disease for all 21 health care districtsin
Finland. Therefore, the article openings of Lyme diseasefor the
whole country were chosen to allow comparable data from
Health Library and Physician’s Databases. Users may access
the Health Library database through different paths. Less than
a fifth of users are not directed to Health Library via Google
(personal communication with P Mustonen, May 4, 2017). This
seems to be the case in Lyme disease, as most search Lyme
disease from a general search engine such as Google by using
words borrelioosi (borreliosis in Finnish) or borrelia. Health
Library’s article on Lyme disease is one of the first links to
come up directing the information seeker to the Health Library
database, whereas others use the Health Library’s home page
link from the Web browser’s address bar to link directly to the
Health Library database. Along with accessing Internet medical
databases, users may also browse media websites, including
information on Lyme disease.
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Table 1. The top five Finnish mediawebsites, their types, and the number of weekly browsers.

Mediawebsite Type of media Number of weekly browsers on media website in December 2013 (week 50)
Helsingin Sanomat The largest daily subscription newspaper 1.6 million
IIta-Sanomat Tabloid 2.6 million
IItalenti Tabloid 2.8 million
MTV The commercial television station 1.6 million
Yle The national public broadcasting company 1 g million?
8n 2015 (week 50).

Collection of Publications From Media Websites

The three largest and most influential nationwide media
companiesin Finland are Sanoma, Yleisradio (Yle), and Alma
Media[11]. Sanomaconsists of the largest national subscription
daily newspaper (Helsingin Sanomat) and a tabloid
(llte-Sanomat). AlmaMedia consists of acommercial television
station (MTV) and atabloid (IItalehti). Yleisthe national public
broadcasting company in Finland. In addition to printed (the
daily newspaper, Helsingin Sanomat, and tabloids I 1ta-Sanomat
and Iltalehti) or broadcasted (television stations, MTV and Yle)
information, these mediaal so provideinformation to consumers
viadigital platforms, for example, on their websites. We chose
these five media for further study because of the large number
of weekly browsers on their websites in 2013 [11,25]. In
December 2013, the number of website browsers ranged from
1.6 to 2.8 million per week. The dataon Yle website browsers
was 1.8 million per week in January 2015, whereas the data
were not available for 2013. In 2013, arandom-sampled survey
via telephone interview (4750 people included) showed that
Internet daily reached 84% (3990/4750) of Finnish people aged
15 to 69 years, 83% (3943/4750) of females and 85%
(4038/4750) of males [11]. A total of 88% (4180/4750) and
77% (3658/4750) daily reached the Internet mass mediain the
younger age group of 15 to 44 years and older age group of 60
to 69 years, respectively [11]. The top five Finnish media
websites with their characteristics are shown in Table 1. Each
media website has a search functionality on their home page
allowing consumers to search for the information they desire.
We collected publications on Lyme disease by searching the
words borrelioosi and punkki (borreliosis and tick in Finnish)
using the websites' search functionality. Articles on Lyme
disease were categorized by publication date for every week to
be comparable to weekly openings in the Health Library and
Physician’s Databases.

Results

Visually Similar Patterns

Our study showed visually similar seasonal patterns in the
general public’'s and HCPs' article openings on Lyme disease.
The seasona variation across Finland from 2011 to 2015 is
showninFigure 1. Thegeneral public’sarticle openingsrelated
to Lyme disease start at the beginning of May, peak from May
to September, and then decline to the lowest point from
December to April. HCPs' article openings on Lyme disease

http://publichealth.jmir.org/2017/4/e86/

start rapidly at the end of April, peak from Juneto August, and
then decline to the lowest point from December to January. The
openings of Health Library and Physician’s Databases peaked
at 14,956 in May 2015 and at 2144 in July 2012, respectively.
The openings of Health Library werelowest at 169 in February
2011 and Physician’s Databases at 79 in December 2012. From
2011 to 2015, the general public’'s article openings on Lyme
disease considerably increased in both the maximum (from 3329
to 14,956, 4.5-fold increase) and minimum values (from 169 to
1197, 7.0-fold increase), whereas HCPS maximum article
openings per week mostly remained constant (from 1868 to
2132, 1.1-fold increase). The number of maximum and minimum
article openings by year in the Health Library and Physician’'s
Databases are shown in Table 2.

Three Off-Season Peaks

The number of media publications on Lyme disease published
outside epidemic seasonsfrom 2011 to 2015 are shownin Figure
2. From 2013 to 2014, there were three off-season peaks in
openings occurring simultaneously with mediapublications. In
January 2013, three media publications occurred simultaneously
as a peak in the general public’s article openings, whereas a
peak in the HCPs article openings appeared before the
publications. In December 2013, peaks in HCPs and
nonprofessionals' article openings were seen simultaneously
with two media publications. In November 2014, two
publications were simultaneously present with article openings
in the Health Library.

Publications From Media Websites

Table 3 shows the number of Lyme disease media publications
released on the top five Finnish media websites during
off-season months from 2011 to 2015. A total of 25 media
publications were retrieved from media website platforms
comprising 21 text articles, two text articles with a notice of
TV documentary, one notice of TV documentary, and oneradio
program. Publications were divided into three categories:
institutional articles, personal stories, and other publicationson
Lyme disease. The 15 ingtitutional articles included university
or research ingtitution publications or a specialist’s view. The
7 persona stories included a person’s experience on Lyme
disease. One publication included both the institutional view
and personal story. Two other articles included journalists
reports on ticks or Lyme disease excluding institutional or
personal views. The data are shown in Table 3 and in
Multimedia Appendices 1-3.
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Figurel. Thegenera public'sarticle openingson Lymediseasein the Health Library (solid line) and health care professionals' (HCPs') article openings

on Lyme disease in the Physician’s Databases (dashed line) across Finland from 2011 to 2015.
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Table 2. The general public’s article openings on Lyme disease in the Health Library and health care professionals’ (HCPs') article openings on Lyme
disease in the Physician’s Databases across Finland from 2011 to 2015. The annual number of the maximum or minimum article opening shows when

the opening took place (month, week) during each year.

Article openings on Lyme disease Year
2011 2012 2013 2014 2015
Health Library
Maximum number of article openings per year 3329 4660 6505 10430 14956
Maximum opening month per year July July June September May
Maximum opening week per year 28 31 23 36 20
Minimum number of article openings per year 169 368 566 608 1197
Minimum opening month per year February April December March December
Minimum opening week per year 6 14 52 12 52
Physician’s Databases
Maximum number of article openings per year 1868 2144 1977 1874 2132
Maximum opening month per year July July June June August
Maximum opening week per year 30 29 23 23 33
Minimum number of article openings per year 110 79 105 86 132
Minimum opening month per year January December December December January
Minimum opening week per year 1 52 52 52 2
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Figure2. Thegenera public'sarticle openingson Lymediseasein the Health Library (solid line) and health care professionals' (HCPs') article openings
on Lyme disease in the Physician’s Databases (dashed line) across Finland during Lyme disease off-season months from 2011 to 2015. Vertical bars
stand for media publications.
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Table3. The number of Lyme disease media publicationsreleased on the top five Finnish mediawebsites during off-season months (January, November,
and December) from 2011 to 2015. Publications are divided into institutional articles (university or research institution or specialist’s view), personal
stories, or other articles. The type of data retrieved from website's platform is placed in the parentheses.

Year Month Week Number of media Media (website)
blicati L .
E#onlt(r:l 1ons per Helsingin Ilta-Sanomat I1talehti MTV Yle
Sanomat

2011 January -

2011 November 45 4 Institutional Institutional Institutional (radio
(text) (text) program), other®

(text)

2011 December 51 1 Ingtitutional (text)

2012 January -

2012 November 46-47 4 Ingtitutional (2  Personal story Ingtitutional (text)
texts) (text)

2012 December 50 1 Personal story

(text)
2013 January 34 3 Institutional Institutional Personal story and
(text) (text) institutional (text)
2013 November -
2013 December 50-51 2 Personal story  Institutional
(text) (text)

2014 January -

2014 November 46-48 4 Personal story  Persona story Ingtitutional (text
(textincluding  (notice of TV including notice of
notice of TV documentary on TV documentary
documentaryon  Yle) onYle)

Yle), other?
(text)

2014 December 51 2 Ingtitutional (2

texts)

2015 January 4 1 Personal story

(text)

2015 November 47 2 Ingtitutional Ingtitutional (text)
(text)

2015 December 53 1 Personal story

(text)

8A journalist reports ticks and Lyme disease.
ba journalist reports the different kind of ticks.
A hyphen (-) and blank cell indicate that no publications are available.

Discussion

Principal Findings

To our knowledge, thisisthe first study on the general public’s
information-seeking behavior on Lyme disease from adedicated
Internet medical database. We found the information-seeking
behavior of the genera public and HCPs on Lyme disease to
share a visualy similar temporal pattern (Figure 1), which
resembles the trend demonstrated by epidemiological data
[13,14,16]. In addition, the general public’s opening patterns
from Health Library appeared more seasonally fluctuating, and
they increased over time in comparison with the rather stable
HCP-opening patterns of Physician’s Databases. In addition,
wefound occasional associations between Health Library article

http://publichealth.jmir.org/2017/4/e86/
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openings and media publications on Lyme disease during
off-season months.

Visualy similar temporal patterns in information-searching
behaviors between the general public and HCPsmirror thetrend
seen in epidemiological data on Lyme disease. Due to known
seasonal and regional variation of Lyme disease and the
conclusions in our previous study [14] using HCPs' Internet
searches on medical databases as a supplementary source of
information for disease surveillance, we suggest that the general
public’sarticle openingsfrom I nternet medical databases should
be considered as an additional information source for disease
surveillance. Such aconclusion should be drawn very carefully,
however, and further studies are needed.
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From 2011 to 2015, the general public’s article openings from
Health Library appeared to fluctuate more and showed a net
increase compared with the seasonal steadiness and absencein
weekly fluctuation in openings from Physician’s Databases
performed by HCPs. In Finland, the incidence of Lyme disease
hasincreased and al so geographically expanded [16]. Therefore,
we specul ate that across the country, the general public ismore
aware and is seeking more information on the disease. In
addition, the significant increasein the article openings of Lyme
disease in the Health Library may be the result of an increase
in net openingsin the Health Library. In addition, it is possible
that whereas HCPs have easier access to English-language
websites, alanguage barrier with the general public could direct
more traffic to Health Library, which consists of articles in
Finnish. The increasing minimums in openings from Health
Library (7.0-fold increase) compared with steady openingsfrom
Physician’s Databases are clearly present, which indicates the
genera public’sinterestin Lymedisease aso in thewintertime.
Itisalso likely that HCPs are better informed on Lyme disease
than the general public, thus, showing lessfluctuationin opening
patterns. The general public has shown a seasonally different
interest on Lyme disease compared with HCPs. Publications
on Lyme disease rel eased in the mediamay be one of the factors
affecting the public’s different information-seeking behavior.

Most media publications were text articles (21/25) and
institutional texts (15/25). Considering the total of published
articles, no clear relation between published institutional texts
or personal stories and the general  public's
information-searching was found (Multimedia Appendices 1
and 2). However, if merging all types of publications (personal
stories, institutional, and other publications), three opening
peaks were associated with publications. The following peaks
in searches by the general public coincided with rel eased media
publications. In January 2013, there weretwo ingtitutional texts
and one persona story with institutional view. In December
2013, there was one ingtitutional text and one persona story.
In November 2014, there were two personal storieswith anotice
of TV documentary on Lyme disease. It is possible that not only
acertain type of publication changes searching behavior among
the genera public but actually a variety of them do, especially
when published in a short period of time, ranging from a day
to 2 weeks. In fact, a peak occurred with the public’s openings
in November 2014, perhaps caused by two personal storieswith
noticesof TV documentaries on Lyme disease, thus, suggesting
that personal storiestrigger the public to watch the Lyme disease
documentary on TV and then start searching for further
information from Health Library. We hypothesized that the
multiple-peaked patterns caused by vigorously fluctuating
openings in the Health Library during both maximum and
minimum seasons could have been affected by media
publications. However, the general public’s article openings
outside epidemic seasons are not consistently caused by
publications, although three peaks could be associated with
media coverage.

Comparison With Prior Work

Google search engine log data on current diseases among the
general population, for example, people's queries on influenza
or acute respiratory or flu-like symptoms, have been used for
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disease surveillance [8,10,19]. Infodemiology studies health
information on the Internet, such as log data on influenza, to
improve public health [19]. Monitoring influenza, infoveillance
has been used for assessing the epidemiology of influenza but
with conflicting results. It included substantial flaws in
geographic scales and timing, such as overestimating the
intensity of the epidemic and missing the first wave of the
influenza pandemic [8]. In addition, general search engines
could not characterize their users, which consisted of both HCPs
and the general public. We have previously demonstrated that
Lyme disease searches by HCPs in evidence-based medicine
databases on the Internet aimed at HCPs coincided with
diagnoses, suggesting these searches could be used as an
additional information source for disease surveillance [14].
However, it should be noted that not only do the diseases among
the general public affect their information-seeking on the
Internet but also health-related publicationsin the mediaand a
fear of disease epidemic may have an influence on Internet
searching behavior [8,10,19], also in the case of Lyme disease
[12,26].

Limitations

The study includes certain limitations. Those searching
information on Lyme disease using Google are presented with
a large number of potential informational websites. Those
choosing to proceed to the Health Library website may be more
health conscious or more capable of filtering medical datathan
people not familiar with this. Although the regiona variation
of Lyme disease incidence in Finland is known [15,16], the
geographical diversity dataon Health Library openings are not
available, and therefore, geographical comparisons could not
be made. In addition, possibly because of the small number of
off-season publications, the association between every media
publication and Health Library opening during Lyme disease
off-season months could not be defined, even if some
publicationsdid occur at apeak in Health Library or Physician's
Databases article openings. It is, however, worth noting that
not only the general public but also HCPs may have been
influenced by media publications. Although we collected
publications from media websites with the largest number of
page browsers, Lyme disease publications on less frequented
websites may also exist. We cannot rule out that some visitors
in Health Library could have been HCPs. Furthermore, visitors
other than HCPs could have accessed the Physician’s Databases
aswell. However, we consider the strengths of our study to be
its timeliness (rea-time Internet databases) and
representativeness (HCPsin the case of Physician’s Databases).

Conclusions

We found that the general public’s searching behavior on Lyme
disease from medical Internet databases has considerably
increased during summertime and wintertime from 2011 to
2015. Thisindicates that as interest in Lyme disease coincides
with increasing numbers of Lyme cases, the Internet openings
could be used as a supplementary source of information for
disease surveillance. Vigorously fluctuating seeking behaviors
outside epidemic seasons was associated with media coverage
on Lyme disease only occasionally. Not every publication was
associated with an increase in openings but the higher the media
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coverage by some publications, the higher the general public’'s validate our method and apply it to other current diseases
access to Health Library. Further research will be needed to  published in the media.
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Multimedia Appendix 1

The general public’s article openings on Lyme disease in the Health Library (solid line) and HCPs' article openings on Lyme
disease in the Physician's Databases (dashed line) across Finland during Lyme disease off-season months from 2011 to 2015.
Vertical bars stand for Lyme disease media articles published by universities or research institutions or a speciaist’s view
(institutional texts).
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Multimedia Appendix 2

The general public’s article openings on Lyme disease in the Health Library (solid line) and HCPs' article openings on Lyme
disease in the Physician's Databases (dashed line) across Finland during Lyme disease off-season months from 2011 to 2015.
Vertical bars stand for media publications on a person with Lyme disease (personal stories).
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Multimedia Appendix 3

The general public’s article openings on Lyme disease in the Health Library (solid line) and HCPs' article openings on Lyme
disease in the Physician's Databases (dashed line) across Finland during Lyme disease off-season months from 2011 to 2015.
Vertical bars stand for media publications other than personal stories or institutional publicationsin the media.
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Abstract

Background: Mayaro virus (MAYV), first discovered in Trinidad in 1954, is spread by the Haemagogus mosquito. Small
outbreaks have been described in the past in the Amazon jungles of Brazil and other parts of South America. Recently, a case
was reported in rural Haiti.

Objective: Given the emerging importance of MAY 'V, we aimed to explore the feasibility of exploiting a Web-based tool for
monitoring and tracking MAYV cases.

Methods: Google Trends is an online tracking system. A Google-based approach is particularly useful to monitor especially
infectious diseases epidemics. We searched Google Trends from its inception (from January 2004 through to May 2017) for
MAY V-related Web searches worldwide.

Results: We noted a burst in search volumes in the period from July 2016 (relative search volume [RSV]=13%) to December
2016 (RSV=18%), with apeak in September 2016 (RSV=100%). Before this burst, the average search activity related to MAYV
was very low (median 1%). MAY V-related queries were concentrated in the Caribbean. Scientific interest from the research
community and media coverage affected digital seeking behavior.

Conclusions: MAYYV has always circulated in South America. Its recent appearance in the Caribbean has been a source of
concern, which resulted in aburst of Internet queries. While Google Trends cannot be used to perform real -time epidemiol ogical
surveillance of MAY'V, it can be exploited to capture the public’s reaction to outbreaks. Public health workers should be avare
of this, in that information and communication technologies could be used to communicate with users, reassure them about their
concerns, and to empower them in making decisions affecting their health.

(JMIR Public Health Surveill 2017;3(4):€93) doi:10.2196/publicheslth.9136
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digital health; digital epidemiology; emerging viruses, Mayaro virus, arboviruses; epidemiology; epidemiological monitoring
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Introduction

Mayaro virus (MAY V) wasfirst discovered in Trinidad in 1954
and isolated by Charles Anderson and collaborators from the
blood of 5 febrile forest workers[1-3]. MAYV issimilar to the
chikungunya and Semliki Forest viruses, being a linear,
positive-sense, single-stranded, enveloped RNA virus, more
specifically an arbovirus of the family Togaviridae and of the
genus Alphavirus) [4]. MAYV is generdly spread by the
Haemagogus mosquito [5], but it can also be spread by Aedes
aegypti and Aedes albopticus mosquitoes, which appear to be
competent vectorsaswell [6,7]. Rubber workersare particularly
at risk of developing MAY'V infection.

Inthe past, small and occasional outbreaks have been described
mainly in the Amazon basin of Brazil and afew other parts of
South America [8-11]. The first epidemics were reported in
1955 in Brazil and Bolivia[12]. The reemergence of MAYYV is
causefor great concern for both public health organizationsand
communities. Anthropogenic changes in ecosystems and
environments, due to a variety of phenomena, including
urbanization, globalization and migration, agricultural
intensification, and deforestation, together with displacement
of populations and invasion of wildlife habitats by humans and
domestic animals, are playing a maor role in MAYV
reemergence. Climate changes, economic downturns, and
poverty are further drivers of the reemergence of neglected
tropical diseases[13]. Therefore, eliminating mosguito breeding
sites constitutes an important preventive measure. Efforts to
strengthen and improve pathogen surveillance technologies are
also fundamental in programs to control disease.

MAYYV infectionisanonfatal and generally self-limiting disease
causing arthritis in the knee, ankle, and small joints of the
extremities, generalized myalgia, fronta headaches and
photophobia, vertigo, nausea and epigastric pain, and chills,
followed in two-thirds of patients by afine maculopapular rash
affecting the trunk and the extremities. In some cases, MAYV
infection can persist up to 2 months.

In May 2007, an outbreak occurred in Chuquisaca Department,
Bolivia, and involved 12 persons[14]. In January 2010, aFrench
tourist, after a15-day trip in the Amazon forest, Brazil, reported
MAYYV infection [15]. In 2011, MAYV was diagnosed in a
27-year-old male Swisstourist returning from Peru [16]. MAYV
disease was also imported into the United States by 2 infected
people who had visited eastern Peru [17] and, more recently,
into the Netherlands by a couple infected during their holidays
in Suriname [18].

In June 2010, an outbreak occurred in Venezuela, with 69 cases
in Ospino, Portuguesa state, and 2 additional cases in San
Fernando de Apure, Apure state, on June 7, for a total of 71
confirmed cases as of June 8 (out of the initially reported 77
cumulative cases) [19]. A single case of MAYV infectionin an
8-year-old child with fever and abdominal pain was described
in rural Haiti (in the Gressier-Léogane area, 20 miles west of
Port-au-Prince) in 2015 [20].

In conclusion, MAY'V has been so far isolated in humans, wild
animals, and mosquitoes in Bolivia, Brazil [21,22], Colombia,
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CostaRica, French Guiana[23], Guatemala, Guyana, Panama,
Peru [24], Suriname, Trinidad, and Venezuela [25].

Given the emerging importance of MAYV [26-28], we here
aimed to explore the feasibility of exploiting a Web-based tool
for monitoring and tracking cases of MAYV infection.

Methods

Google Trends (GoogleInc) isafreely available, onlinetracking
system that, properly using keyword(s), enablesavisualization
of hit-search volumes in terms of relative search volumes
(RSVs). Inmoredetail, for each keyword or string of keywords,
searches can be performed using search term or search topic
strategies. With the first option, Google Trends tracks and
monitors the exact text typed by the user. The second strategy,
instead, consists of an exhaustive and systematic collection of
all searches semantically related to the given query. Generally,
the second search option results in broader findings.

A Google-based approach seems to be particularly useful to
monitor infectious diseases epidemics [29]. Pelat and
collaborators[30], aswell as Valdiviaand Monge-Corella[31],
documented the usefulness of using Google Trendsin capturing
influenza and chickenpox outbreaks. The nowcasting or
forecasting approach has been used also for other tropical
diseases, such asmalaria[32], Ebola[33], West Nilevirus[34],
and dengue [35].

In this study, we systematically searched Google Trends from
its inception (January 2004 through to May 2017), using as
keywords “virus Mayaro,” “Mayaro virus,” “virus de Mayaro,”
and “virus del Mayaro.” We carried out this investigation
according to the guidelines and recommendations put forth by
Nuti and coworkers [36].

We built an ad hoc database of cases of MAY'V by extensively
mining Google, Google Scholar, the scholarly literature
(PubMed or MEDLINE, Scopus, Scientific Electronic Library
Online, and Latin American and Caribbean Health Sciences
Literature), epidemiological aerts (from the US Centers for
Disease Control and Prevention, European Centre for Disease
Prevention and Control, World Health Organization, and Pan
American Health Organization), HealthMap, and ProMED-mail
reports.

Since Web searches can be prompted by different external or
environmental cues (media coverage, education system, etc),
we carried out a multivariate regression analysis according to
the following predictive model:

RSV (%) = a x scientific interest + 3 x epidemiology

+y x mediaimpact + €.
We measured “scientific interest” by counting the number of
MAY V-related articles indexed in PubMed or MEDLINE in
the study period, using scientific production as a proxy of the
interest of the scientific community toward MAYYV,;
“epidemiology” was the number of confirmed MAYV cases;
we assessed “media impact” as the number of MAY V-related
news items released in the openly available news aggregator
Google News as a proxy of the media coverage and influence
over public opinion; and € isthe intercept of the model.
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This model was theoretically inspired by the extant scholarly
literature on infodemiology and infoveillance [37-40] and, in
particular, on Google Trends, as well as by a study by Segev
and Baram-Tsabari [41], which systematically investigated
different search patternsin terms of the roles of the media and
the education system.

We chose the best model according to the goodness-of-fit
statistical model.

All statistical analyseswere performed with IBM SPSS (version
24.0; IBM Corporation). Figures with a P value less than .05
were considered statistically significant.

Results

Figure 1 showsthe MAY V-related RSV trend. A burst in search
volumes can be noticed in the period from July 2016
(RSV=13%) to December 2016 (RSV=18%), with a peak in

Adawi et d

September 2016 (RSV=100%). Before this burst, the average
search activity related to MAYV was very low (median 1%).

Figure 2 and Table 1 show the countries with major search
volumes. MAY V-related queries were concentrated in the
Caribbean.

According to the best multivariate regression model, both
scientific interest and mediacoverage had an impact on seeking
behavior, with negative and positive effects, respectively (Table
2,Figure 3,Figure 4).

Textbox 1 liststhetop MAY V-related and rising queries. These
mainly related to MAYV infection symptoms (eg, fever,
influenza-like symptoms), its carriers and vectors of
transmission (eg, mosquitoes of the Aedes genus), and other
similar tropical diseases (eg, yellow fever, malaria, dengue,
chikungunya).

Table 3 reports the different models and their goodness-of -fit
statistics.

Figure 1. Timetrend of Mayaro virus-related Web searches as captured by Google Trends worldwide in the study period (from January 2004 to May

2017). RSV: relative search volume.

RSV %)
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Figure2. Spatial trend of Mayaro virus-related Web searches as captured by Google Trends worldwide in the study period (from January 2004 to May
2017).

Table 1. Countriesin which Mayaro virus-related Web queries were concentrated in the study period.

Region RSV (%)
Curacao 100
Dominican Republic 48
Trinidad and Tobago 24
Puerto Rico 22
Nicaragua 20
Honduras 17
El Salvador 15
Martinique 12
Guadaupe 11
Colombia 10
Guatemala 9
Venezuela 8
Jamaica 7
Panama 4
Mexico 3
Ecuador 2
Brazil 2
CostaRica 2
Argentina 1

3RSV: relative search volume.
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Table 2. Multivariate regression models estimating the impact of different predictors®.

Source Value SE T P value 95% ClI
Epidemiology
Intercept 27.313 22.046 1.239 .24 —20.720 to 75.347
Cases 0.352 0.434 0.811 43 —0.593to0 1.297

Epidemiology + media impact

Intercept 14.684 4313 3.405 .006 5.192t024.176

Cases 0.028 0.086 0.328 75 -0.160t0 0.217

Google News 0.718 0.041 17.648 <.001 0.628 to 0.807
Epidemiology + scientific interest

Intercept —12.942 31.445 -0412 .69 —82.152 to 56.267

PubMed 5.628 3.331 1.689 12 —1.704 to 12.960

Cases 0.341 0.404 0.846 42 —0.547101.230

Epidemiology + mediaimpact + scientific interest

Intercept 27.358 5.288 5173 <.001 1557510 39.141
Confirmed cases 0.002 0.065 0.038 .970 —0.14310 0.148
Google News 0.783 0.037 20.936 <.001 0.699 to 0.866
PubMed -1.931 0.635 -3.043 .01 —3.345t0-0.517

#The epidemiological predictor is given by the number of confirmed Mayaro virus cases; the bibliometric predictor is given by the number of articles
published in PubMed or MEDLINE; the media predictor is given by the number of news items concerning the Mayaro virus.

Figure 3. Temporal trends of the different data streams used in the investigation, during the study period (January 2004 to May 2017). GN: Google
News; GT: Google Trends; MAYV: Mayaro virus; RSV: relative search volume.
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Figure 4. Fit between Google Trends and its prediction according to the best multivariate regression model. RSV: relative search volume.
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Textbox 1. The top Mayaro virus-related and rising queries as captured by Google Trends in the study period.

Top related queries

Virus

Symptoms
Disorder

Fever

Mayaro, Trinidad
Chikungunya
Virus Zika
Dengue

Aedes

Mosquito

Yellow fever mosquito
Virus Usutu
Colombia
Venezuela

Haiti

Yellow fever
World Health Organization
Midge

Vaccine
Alphavirus
Encephalitis

Influenza

Centers for Disease control and prevention

Malaria

Rising queries

Symptoms
Disorder

Fever

Mayaro, Trinidad
Chikungunya
Virus Zika
Dengue

Aedes

Mosquito

Yellow fever mosquito
Virus Usutu
Colombia
Venezuela

Haiti

Yellow fever

World Health Organization
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« Midge

e Vaccine

« Alphavirus

«  Encephalitis

o Influenza

«  Centersfor Disease control and prevention

«  Epidemic outbreak

Table 3. Goodness-of-fit statistics for the different multivariate regression models.

Fitting parameter Epidemiology Epidemiology + mediaimpact Epidemiology + scientific  Epidemiology + scientific
interest interest + mediaimpact

R? .052 .968 247 .983

Adjusted R -.027 .962 110 .978

Mean square of errors 3898.689 145.088 3376.945 82.855

Root mean square of errors 62.439 12.045 58.111 9.102

Mean absolute percentage error 119.495 36.418 122.541 29.780

Durbin-Watson statistic 1.615 1.447 2.489 1.796

Mallows Cj, coefficient 2.000 3.000 3.000 4.000

Akaike information criterion 117.599 72.306 116.370 65.129

Schwarz Bayesian criterion 118.878 74.224 118.287 67.685

Amemiya prediction criterion 1.264 0.050 1.163 0.030

Discussion

Principal Findings

The geospatial and tempora epidemiology of MAYV as
captured by Google Trends did not reflect the real-world
epidemiology of MAYV. For example, Google Trends did not
capture several epidemic outbreaks (briefly overviewed in the
introduction), including one of the largest MAYV outbreaks,
which occurred in northwestern Venezuelain 2010, in arural
village, with 77 cases and 19 individual s confirmed seropositive
[19].

Moreover, areas in which MAYV is known to circulate and
spread were scarcely represented in terms of search volumes,
while areas in which MAYV has been isolated only recently
and has never been seen before, such asin the Caribbean, were
overrepresented. In the case of MAY'V, Google Trends seemed
to capture more of the public reaction to MAY'V reemergence
in terms of worries and concerns, rather than the real-world
epidemiological figures. In the last years, there have been
concerns about the ability of MAYV to mutate and adapt to
new environments, spreading from South America to North
America and other countries, and emerging as a “new Ebola’
a“new Zika,” or the “next chikungunya,” thus giving rise to a
new public health emergency [26]. The last decades have been
characterized by the reemergence of several arboviruses and,
above al, by unexpected changesin their clinical history, such
asthat Zikavirusinfection can result in neurological disorders
and fetal microcephaly [42]. This has led to public concerns

http://publichealth.jmir.org/2017/4/€93/

and worries, amplified, intheir turn, by imbalanced and distorted
media coverage. In the case of MAYV, as can be seen using
Google News, afreely available aggregator of media news, the
report of asingle case of aninfected child attracted more media
attention than all other MAY'V casesin South America, aswell
as receiving more tweets and videos. On the other hand, this
single case report suggested that MAY V-related scenarios are
changing or could be further changing in the near future, making
the possihility of finding MAYV in urban locations carried by
anthropophilic insect vectors more concrete [43].

MAY V-related queries concerned above all the symptoms of
the infectious disease. No query was related to preventive
measures (either environmental or personal hygiene) that could
be taken to reduce and mitigate its spreading. Thisundoubtedly
constitutes amajor gap in knowledge that public health workers
and officials should fill, by providing and disseminating
adequate information.

Specifically concerning Google Trends, its validity in
complementing classic epidemiological and surveillance
techniques and approaches has recently been questioned by
some scholars. Whilethereisarelatively huge body of literature
reporting the feasibility of exploiting Google Trendsin thefield
of digital epidemiology [44,45], some scholars have criticized
Google Trends, showing that it may beinaccuratein some cases,
such as that of influenza surveillance [46,47]. Google Flu
Trends, based on Google Trends for the epidemiological
monitoring of influenza, has been publicly withdrawn, following
different criticisms (Google Dengue Trends met asimilar fate).
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On the other hand, Santillana and collaborators [48]
demongtrated that some techniques, inspired by dataassimilation
techniques, supervised machine learning, and artificia
intelligence, could be applied to improve the reliability of
Google Flu Trends.

Cervellin and colleagues[49], on the contrary, found that Google
Trends was ascarcely reliable epidemiological tool in avariety
of clinical settings, ranging from renal colic or epistaxis to
mushroom poisoning, meningitis, Legionella pneumophila
pneumonia, and Ebola fever.

Similarly, Tran and coworkers [50], searching Google Trends
for “suicide” from 2004 to 2010 in the United States and
Switzerland, and from 2004 to 2012 in Germany and Austria,
found that Google Trends was not able to forecast national
suicide rates.

Our study showed that media coverage resulted in seeking
behavior and that this impact can be quantified using a
multivariate regression model. Thisisin line with the findings
of Segev and Baram-T sabari [41], who found that ad hoc events
or current concerns correlated better with media coverage than
did general or well-established scientific terms. Indeed, MAY'V,
being an emerging virus, represents a relatively overlooked
research field and only recently has caused severe public health
problems and concerns, which have resulted both in increased
media attention and coverage (as shown by Google News) and
increased interest from the scientific community (as shown by
the bibliometric data), aswell asin higher search volumesfrom
the public (as shown by Google Trends).

Strengths and Limitations

This study has some strengths, including the systematic search
of MAY V-related queries and the novelty of the investigation,
being thefirst, to the best of our knowledge, to addressthe topic
of the relationship between MAYV and information and
communication technologies (ICTs).
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However, our investigation is not without limitations. The major
drawback is that Google Trends returns relative, normalized
valuesinstead of providing scholars with absolute, raw figures
that can be further handled, refined, and statistically processed.
A second shortcoming is the digital divide, in that Google
Trends capturesonly that segment of the popul ation that actively
uses the new ICTs and devices. However, this segment is
constantly growing and increasing. A third drawback is that,
when using Google Trends, only Google-based searches and
gueries can betracked and monitored. On the other hand, Google
is the most commonly used search engine worldwide.

Conclusions

MAYYV, an arthropod-borne virus, has always circulated in
South America. Itsrecent appearancein the Caribbean has been
a source of concern, which has resulted in a burst of Internet
gueries. While Google Trends cannot be used to perform
real-time epidemiological surveillance of MAYYV, it can be
exploited to capture the public reaction to outbreaks, in terms
of worries, and knowledge needs and gaps [51]. Public health
workers and officials should be aware that they can use Google
Trends to easily track and monitor public reaction and popular
perceptions, and use |CTsto communicate with users, reassure
them about their concerns, and empower them in making
decisions affecting their health [51-54].

Further studies in the field are needed, especially using other
ICTsand social mediaor networks, such as Twitter, Facebook,
or Instagram, as well as carrying out a content analysis of
MAY V-related digital material. Moreover, techniques for
correcting and revising Google Trends should be systematically
explored, for example, correlating Web searches with
environmental parameters (such as rainfal, temperature, or
weather), which are well known to have an impact on the
epidemiology of neglected tropical infectious diseases.
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Abstract

Background: Lack of physical activity and weight gain are two of the biggest drivers of health care costsin the United States.
Healthy contemplations are required before any changes in behavior, and a recent study has shown that they have underlying
periodicities.

Objective: Theaim of this study was to examine seasonal variations in state-by-state interest in both weight loss and increasing
physical activity, and how these variations were associated with geographic latitude using Google Trends search data for the
United States.

Methods: Internet search query data were obtained from Google Trends (2004-2016). Time series analysis (every 2 weeks)
was performed to determine search volume (normalized to overall search intensity). Seasonality was determined both by the
difference in search volumes between winter (December, January, and February) and summer (June, July, and August) months
and by the amplitude of cosinor analysis.

Results: Exercise-related searcheswere highest during the winter months, whereas weight loss contempl ations showed abiphasic
pattern (peaking in the summer and winter months). The magnitude of the seasonal difference increased with increasing latitude
for both exercise (RP=.45, F ,4=40.09, beta=—.671, standard deviation [SD]=0.106, P<.001) and weight loss (R°=.24, F; 44=15.79,
beta=—.494, SD=0.124, P<.001) searches.

Conclusions: Healthy contemplations follow specific seasonal patterns, with the highest contemplations surrounding exercise

during the winter months, and weight | oss contempl ations peaking during both winter and summer seasons. Knowledge of seasonal
variations in passive contemplations may potentially allow for more efficient use of public health campaign resources.

(JMIR Public Health Surveill 2017;3(4):€92) doi:10.2196/publichealth.7794

KEYWORDS
healthy lifestyle; weight loss; exercise; Internet; motivation

areexpensive; infact, the US Government spends approxi mately
75 hillion dollars per year in public health campaigns [4] with
One of the biggest drivers of health care costs in the United  Mixed results[3].

States is poor health behavior [1], and the two most associated Traditionally, surveys have been used to examine health

factors with cardiovascular disease are obesity [2] and a pehaviors, but they have well-known limitations such as the
sedentary lifestyle [3]. Attempts to promote diet and exercise  tendency of respondentsto answer in asocially desirable manner
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[6] and along timelag between data collection and analysis[7].
A new technique, referred to as “Infodemiology,” allows
researchers to ook into the motivations of patients through the
use of open access records of Internet search activity [8,9]. As
Google has made their search data accessible to the public,
analysis of these data alows a glimpse into a population’s
hidden healthy contemplations, an area that is difficult to
measure with standard surveys[7]. Thisopen access search data
allow researchers to undertake a new type of ecological
correlational study [6]. Ecological studies that examine the
association between variables at a population level have along
history in the generation of hypothesesfor future research [10].
This study looks for population-wide associations between
Google search data and latitude to look for potential seasonal
and geographic patterns in healthy contemplations.

The real-time nature of Internet search data [7] allows new
investigations into the periodicity of healthy contemplations.
A recent study has examined the day of the week that is the
“healthiest day” [11] and the day on which more people are
contemplating smoking cessation [12]. The seasons also have
an effect on healthy contemplations; interest (as measured by
Internet search activity) on mental health conditions peaks
during the winter months[13], whereas searchesfor information
on restless leg syndrome [14] and urinary tract infections [15]
peak during the summer months. Healthy behaviors such as
healthy eating [16] and increased physical activity [17] show
strong variationswith the seasons. L ow levelsof vitamin D aso
show strong seasonal variability [18], and this variability
increases with increasing northerly latitude [19]. Given the
well-established associations between both obesity [19] and
low levels of outdoor activity [20] with vitamin D levels, it
suggests that contemplations around weight loss and exercise
may al so show both seasonal (winter vs summer) and geographic
(increasing northern latitude) patterns. Discovering the
periodicity of healthy contemplations allows usinsight into the
otherwise hidden thoughts of populations and is one potential
method of more accurately timing public health education
initiatives.

This study seeks to examine the seasonality of passive healthy
contemplations on a state-by-state basis with respect to weight
loss and exercise by examining the relationship between the
seasonal variations in Google searches for these terms and
geographic latitude. As a previous study has suggested that
physical activity [17] and healthy eating [16] increase in the
summer months, we hypothesized that healthy contemplations
surrounding increasing physical activity would show much more
seasonality than those surrounding weight loss.

Methods

Internet Search Data

Google TrendsisaWeb-based tool that can compute how many
searches have been performed for any given keyword or
combination of keywords. This system automatically normalizes
search activity for overall search activity to a score between O
and 100 [21]. Search activity can be narrowed to any given
country and state within a country. In keeping with the current
standards for reporting Google Trends data [22], search data

http://publichealth.jmir.org/2017/4/€92/
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were obtained in weekly intervals from 2004 to 2016, the
database was accessed on August 17, 2016, and the complete
text isreported bel ow. Asthisstudy only uses publicly available
aggregate data, approval from human subjects ethics board was
deemed unnecessary.

Asin previously published studies, al search termsusing search
datain the public health field [11-13] were chosen systematically
before starting any data analysis and are shown below. We
initially started with two initial search terms. “exercise” and
“weight loss” Each of these termswas entered into the keyword
search tool [21], a Web-based application (Alphabet Inc.) that
suggests keywords commonly related to any entered keyword
and the normalized search activity associated withit. All related
keywords with a higher search volume were added to our list,
and each new keyword was in turn entered into the keyword
search tool until no new search termswerelocated. Our eventual
keyword lists for interest in weight loss and exercise were
entered together into Google Trendsusing logical “or” operators.
Our total keywords consisted of the following:

” o

- Exercisekeywords: “exercise,” “how to exercise,” “exercise
more,” “exercises,” or “do more exercise.”

«  Weight losskeywords: “weight loss,” “how to lose weight,”
“loseweight,” “losing weight,” “weight loss diet,” “weight

loss plan,” “diet plan,” or “diet meal plan.”

Analysis of Seasonality

The magnitude of the seasonal shifts in Internet searches for
both weight loss (Deltaweight) and exercise (DeltaExercise)
wasinitialy determined by the difference between the average
volume of searches in winter months (December, January, and
February) and summer months (June, July, and August) asdone
in previous studies [13,15].

Seasonal variation in search activity was also obtained using
cosinor analysis [23]. Cosinor analysis uses the entire year's
dataset, has been used previoudly with Google Trends data[14],
and uses a parametric seasonal model in which asinusoid isfit
to an observed time series as part of ageneralized linear model
[23]. Specifically, cosinor analysis provides an assessment of
the amplitude, which is a measure of the magnitude of the
seasonal variation in the data [23]. Amplitude was determined
for search terms related to weight loss (weight loss amplitude)
and exercise (exercise amplitude). Cosinor analyses were
performed using the season package in R version 3.1.0 (R
Project) [24] and were determined using weekly running
normalized search data for our total keywords from 2004 to
2016. Latitudes for the center of each state were obtained from
the US Department of Commerce [25].

As opposed to seasonality, the average weekly search activity
was determined by averaging the number of exercise
(MeanExercise)- and weight loss-related (M eanWeight) searches
over the entire 2004 to 2016 period.

Statistical Analysis

Our primary response variables were DeltaWeight,
DeltaExercise, exercise amplitude, weight loss amplitude,
MeanExercise, and MeanWeight on a state-by-state basis. Our
predictor variable was the latitude of the center of each state.
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Scatterplotswere visually inspected for outlier data, and density
plots were examined to identify data skewing. Any predictor
that demonstrated skewing was logarithmically transformed
(baseten) before both univariate and multivariate analyses[26].
Plots of residuals and a quantile-quantile plot were examined
for each model. For each simplelinear regression, the F statitic,

the coefficient of determination (R?), degrees of freedom, and
standardized beta coefficients are reported [26]. The R core
software package version 3.0.1 (The R Project for Statistical
Computing) was used for statistical analysiswith asignificance
level of P<.05[25].

Results

Overall Seasonal Search Patterns

Weekly exercise-related searches in the United States had a
mean of 79.6 (SD 0.3), and weight loss-related searches had a
mean of 59.2 (SD 0.7). Asshownin Figure 1, interest in exercise
was highest during winter months, dropping off steadily
afterwards. For the entire United States, exercise-related search
activity was 91.4 (SD 1.3) during winter months, falling to 80.8
(SD 1.5) during summer months. Weight loss searches
demonstrated a biphasic response, with peak search observed
during winter (72.7 [SD 5.3]) and summer (70.3 [SD 5.2])
months.

Madden

Latitude and Seasonality of Exercise Searches

Seasonal peaks and troughs were more pronounced in states
geographically situated at southern latitudes versusthose located
further to the south (Figure 2). The average number of
normalized weekly searches related to exercise (R?=.07,
F1,49=3.45, beta=—.256, SD=0.014, P=.07) did not demonstrate

adatistically significant correlation with state latitude. However,
the seasonal difference (DeltaExercise) in exercise-related
searchesincreased at higher latitudes (Figure 3). The correlation
between seasonal differences and latitude was demonstrated by

both DeltaExercise (RP=.45, F, 4=40.09, beta=-.671, SD=0.106,
P<.001) and with the cosinor andlysis (RP=.16, F;4=9.37,
beta=.401, SD=0.131, P=.004).

Latitude and Seasonality of Weight L oss Searches
Similar to the exercise search results, the average number of
searchesrelated to weight loss (R=.07, F, ,4=3.78, beta=—.268,

SD=0.138, P=.06) did not show a significant correlation with
latitude. With respect to weight loss-related search activity,
Detaweight showed a significant correlation with state latitude

(RP=.24, F149=15.79, beta=—.494, SD=0.124, P<.001). However,
the cosinor analysis did not show any statistically significant

relationship between state latitude and amplitude (R?=.015,
F1.49=0.73, beta=—.122, SD=0.142, P=.40).

Figure 1. The seasonal changes in healthy contemplations with respect to exercise and weight loss using Google Trends. Google Trends normalizes

search activity for overall search activity to a score between 0 and 100.
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Figure2. Theseasonal differencein healthy contemplations surrounding exercise are shown by state. Seasonal difference was defined asthe normalized
number of searches in winter months (December, January, and February) minus the number in summer months (June, July, and August). The lighter

blue color corresponds with an increase in seasonal variation.
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Figure 3. The increasing seasonal difference in healthy contemplations surrounding exercise with increasingly northern latitudes is demonstrated.
Seasonal difference was defined as the normalized number of searches in winter months (December, January, and February) minus the number in

summer months (June, July, and August).
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Discussion

Principal Findings

Healthy contemplations surrounding exercise (as measured by
Internet search activity) showed apeak during the winter months
as compared with the summer months. Exercise-related searches
also showed a strong state-by-state seasonality, showing more
seasonal differences with increasing northern latitude. Unlike
healthy contemplations around exercise, weight loss search
activity demonstrated a biphasic pattern, peaking in both winter
and summer months.

Previous Work

It has been well established that physical activity shows strong
seasonal variations. Both African American and white children

http://publichealth.jmir.org/2017/4/€92/

RenderX

show higher levels of vitamin D in the summer, likely because
of increased outdoor physical activity [27]. Objective
accelerometer measures have demonstrated higher levels of
physical activity in adult women [17], patients with chronic
obstructive lung disease [28], and older adults [29,30] during
the summer months. Physical activity as measured by a 7-day
patient recall of adults aged 20 to 70 years has also shown
similar peaks in physical activity during the summer months
[31]. Although health behaviorswere not measured in this study,
our findings demonstrate that contemplations about physical
activity do not necessarily parallel health behavior patterns;
Internet searches surrounding exercise were shown to peak in
the winter as opposed to summer months, and this seasonality
increased with increasing latitude.
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Previous examination of the seasonality of healthy eating
behaviors has shown conflicting results. Dietary log data have
suggested that dietary intake patterns have remained stable
across all seasons[32,33]. However, alongitudinal examination
of the Healthy Eating Index in women aged 40 to 60 years
demonstrated less healthy diets during the winter [34]. Markers
of healthy eating, such as salad [35] and vegetables [16], are
more frequently eaten during the spring and summer months.
A more detailed examination of dietary components has shown
that both fat and caloric intake are highest during autumn
months, but carbohydrate intake is highest in the spring [31].
The seasonality of caloric intake has also been supported by a
worldwide correlation between satellite measures of artificial
light and obesity [36]. Although this study did not examine
dietary behaviors, we were able to demonstrate a biphasic
(summer and winter) peak in weight loss contemplations, which
diverge from previously established patterns of health behaviors.

Other investigations have examined the periodicity of healthy
considerations over various different time scales. A previous
analysis of Google Trends data has shown that many healthy
contemplations seem to peak earlier in the week (Mondays) as
shown for both smoking cessation [12] and searches for the
word “healthy” [11]. This weekly pattern suggests that
individuals may be more susceptibl e to public health messaging
earlier in the week [11,12]. Our results suggest that the
periodicity of healthy contemplations follow a seasonal cycle,
as well as a circaseptan cycle, with increased contemplations
about exercise occurring in winter months and increased
contempl ations surrounding weight loss occurring in both winter
and summer months.

Clinical Implications and Potential M echanisms

Our Google Trends measures of healthy contemplations have
demonstrated that searches for both exercise and weight loss
follow specific seasonal patterns. This suggests that at certain
times of the year, populations might be more susceptible to
public awareness campaigns, both for exercise (winter months)
and weight loss (winter and summer months), and that this
greater susceptibility is even larger in more northerly states.
Knowledge of seasonal variations in passive contemplations
may allow for more effective use of public health campaign
resources, although this requires further study. Our study also
demonstrated that seasonal patterns in healthy contemplations
do not necessarily parallel previously demonstrated seasonal
patterns in healthy behaviors.

Madden

The peak in interest in both exercise and weight loss in the
winter months may be explained by the tradition of forming
New Year's resolutions; 50% of all Americans participate in
thistradition and the most common resol utions invol ve healthy
behaviors[37]. In addition, thefact that interest in both exercise
and weight loss showed a larger seasonal shift with increasing
latitude indicates that there may be underlying physiological
mechanisms behind this pattern. The winter months are
characterized by more exposure to artificial light sources [38],
resulting in decrease in melatonin production in humans [39].
There is a well-documented relationship between decreased
melatonin levels and increasing weight [40]; in fact, melatonin
administration in both human [41] and anima studies [42]
resultsin weight loss. Thisincreased weight gain in the winter
months may explain both the observed increase in heathy
contemplations and the exacerbation of this seasonality in
northern states. The peak in weight loss searches during the
summer months may be because of the differences in summer
as opposed to winter clothing; previous motivational surveys
have demonstrated that appearanceisthe second most common
motivating factor for losing weight [43].

Limitations and Future Research

Although this study is suggestive with respect to the seasonal
timing of healthy contemplations, Internet searches do not
necessarily indicate an intent to pursue healthy behaviors, given
that the context underlying each search is not known. Even
without this underlying context, a previous study examining
tobacco products has suggested that online search behavior can
predict offline behavior [44]. It remains to be investigated
whether timing public health awareness campaigns to coincide
with the seasonal patterns noted in this study will increase their
efficacy. In addition, Google Trends only provides normalized
results of search dataas opposed to absolute number of searches.
Offsetting this, however, isthe fact that the number of keyword
searchesfor diet and exercise number in the billions [45]; thus,
any seasonal increase in normalized results likely represents
millions of additional searches.

Conclusions

Healthy contemplations follow specific seasona patterns, with
highest contemplations surrounding exercise during the winter
months, and weight loss contemplations peaking during both
winter and summer seasons.
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Abstract

Background: As e-cigarette use rapidly increases in popularity, data from online social systems (Twitter, Instagram, Google
Web Search) can be used to capture and describe the social and environmental context in which individuals use, perceive, and
are marketed this tobacco product. Social media data may serve as a massive focus group where people organically discuss
e-cigarettes unprimed by aresearcher, without instrument bias, captured in near real time and at low costs.

Objective: This study documents e-cigarette—related discussions on Twitter, describing themes of conversations and locations
where Twitter users often discuss e-cigarettes, to identify priority areas for e-cigarette education campaigns. Additionally, this
study demonstrates the importance of distinguishing between social bots and human users when attempting to understand public
health—related behaviors and attitudes.

Methods: E-cigarette—related posts on Twitter (N=6,185,153) were collected from December 24, 2016, to April 21, 2017.
Techniques drawn from network science were used to determine discussions of e-cigarettes by describing which hashtags co-occur
(concept clusters) in a Twitter network. Posts and metadata were used to describe where geographically e-cigarette—related
discussions in the United States occurred. Machine learning models were used to distinguish between Twitter posts reflecting
attitudes and behaviors of genuine human users from those of social bots. Odds ratios were computed from 2x2 contingency
tables to detect if hashtags varied by source (social bot vs human user) using the Fisher exact test to determine statistical
significance.

Results: Clusters found in the corpus of hashtags from human users included behaviors (eg, #vaping), vaping identity (eg,
#vapelife), and vaping community (eg, #vapenation). Additional clustersincluded products (eg, #eliquids), dual tobacco use (eg,
#hookah), and polysubstance use (eg, #marijuana). Clusters found in the corpus of hashtags from social botsincluded health (eg,
#health), smoking cessation (eg, #quitsmoking), and new products (eg, #ismog). Social bots were significantly more likely to
post hashtags that referenced smoking cessation and new products compared to human users. The volume of tweets was highest
in the Mid-Atlantic (eg, Pennsylvania, New Jersey, Maryland, and New York), followed by the West Coast and Southwest (eg,
Cdlifornia, Arizona and Nevada).

Conclusions: Social media data may be used to complement and extend the surveillance of health behaviors including tobacco
product use. Public health researchers could harness these data and methods to identify new products or devices. Furthermore,
findings from this study demonstrate the importance of distinguishing between Twitter posts from social bots and humans when
attempting to understand attitudes and behaviors. Social bots may be used to perpetuate the idea that e-cigarettes are helpful in
cessation and to promote new products as they enter the marketplace.

(JMIR Public Health Surveill 2017;3(4):€98) doi:10.2196/publichealth.8641
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Introduction

Electronic cigarettes (e-cigarettes) have climbed in popularity
in the United States and elsewhere [1-6]. As e-cigarette use
(vaping) rapidly becomes more prevalent, data from online
socia systems (eg, Google Web Search, Instagram, Twitter,
YouTube) can be used to capture and describe the social and
environmental context in which individuals use, perceive, and
are marketed this tobacco product [ 7]. These datamay serve as
amassivefocusgroup alowing for peopleto organically discuss
e-cigarettes unprimed by aresearcher, without instrument bias,
captured in near real time and at low costs [8].

Internet searches (Google Web Search) for e-cigarette—related
termsincreased by 450% from 2010 to 2014 in the United States
with search volume for e-cigarettes greater in coastal areas
(Cdlifornia and New York) in 2010 before becoming more
uniformly searched across the contiguous United Statesin 2014
[9]. Searches for terms indicative of purchasing e-cigarettes
have outpaced searchesindicative of interest in health concerns
or smoking cessation [9]. In astudy analyzing e-cigarette—related
posts on Instagram, Chu and colleagues [10] reported that
images often showed “ cloud chasing” (ie, large clouds of aerosol
being blown) and “hand checks’ (ie, e-cigarette device paired
with specific e-juice bottle all held in one hand), suggesting
these are appealing characteristics of this emerging tobacco
product.

Twitter has been used in tobacco control research with studies
showing how tobacco education campaigns can beinformed by
monitoring tweets [11,12] and which e-cigarette—related
messages are likely to spread on Twitter [13], among other
studies [14-21]. Ayers and colleagues [22] recently analyzed a
sample of e-cigarette—related tweets and reported that social
image wasthe most identified reason for e-cigarette usein 2015.
Other identified reasons for e-cigarette use included quitting
combustible cigarettes and use indoors [22].

In this study, we demonstrate the feasibility of a Twitter-based
infoveillance [7] methodology to document and describe
e-cigarette—related conversations on Twitter. We used social
network analyses to identify discussions of e-cigarettes by
describing which hashtags co-occur in a massive Twitter
network. Twitter users use hashtags (ie, terms prepended by the
hash mark #) to indicate the context, emotions, or subject matter
related to a post. Hashtags serve as a marker for the content of
posts that allows users to search for and see posts of other
Twitter userseven if they do not follow them. Multiple hashtags
can be adopted in a single post. When 2 hashtags co-occur in
the same post, one can infer that they are related. Building the
network of co-occurrence of hashtags (ie, hashtag network) will
illustrate  concept clusters giving us insights to
e-cigarette—related discussions by individuals in their own
words. This clustering allows us to see underlying dimensions
of meaning that might not otherwise be possible in complex
data

http://publichealth.jmir.org/2017/4/€98/

We al so used posts and metadata from Twitter to describe where
geographically e-cigarette—related discussions in the United
States occur to identify priority areas for e-cigarette education
campaigns. Additionally, this study builds on earlier work
[23,24] and demonstrates the importance of removing socia
bots (ie, computer algorithms designed to automatically produce
content and engage with legitimate human accounts on Twitter)
from Twitter data when attempting to understand public
health—related behaviors and attitudes. Taken together, findings
from this study should inform tobacco control and demonstrate
the utility in using Twitter data in enhancing surveillance of
health behaviorsin general and e-cigarette use.

Methods

Datawere obtained by means of Python scriptsthat continuously
polled Twitter’s streaming application programming interface.
This service provides a sample stream of data based on key
terms and hashtag searches. Tweets were collected between
December 24, 2016, and April 21, 2017. The key terms used to
collect the tweets included e-cigarette, vaping, etc (see
Multimedia Appendix 1 for completelist). The key termscould
have appeared in the post or in an accompanying hashtag (ie,
vaping or #vaping). The university’s ingtitutional review board
approved all procedures.

Theterms used to collect tweets during the study period resulted
in an initial corpus of 6,185,153 tweets. However, Twitter has
quickly become subject to third-party manipulation where
computer algorithms designed to automatically produce content
and engage with legitimate human accounts on Twitter (social
bots) are created to influence discussions and promote specific
ideas or products [25]. Social bots are meant to appear as
genuine human users operating Twitter accounts; their profiles
are often complete with metadata (name, location, pithy quote)
and a photo/image. Socia bots on average generate more tweets
than the average human user. Therefore, social bots are
producing more content on a topic. Social bots make
indiscriminate references to an array of content while at the
same time perpetuating select conversations, giving the
appearance that a specific topic is more prominent than it is
offline. Their adoption has been documented in a variety of
domains, including political astroturfing [26], stock market
manipulation [27], spread of misinformation [28], promotional
content [29], and in sentiment classification [24].

In order to distinguish between human users and social bots,
certain criteriasuch asinformation diffusion patterns (based on
retweets or mentions), friend features (for example, ratio of
followers to followees), content (frequency  of
nouns/verbs/adverbsin atwest), and sentiment features (emotion
scores) are used. The BotOrNot agorithm combines these
features to obtain a single score between 0 and 1 that indicates
if a Twitter account is a social bot or not [28,30]. Evaluations
of the BotOrNot program have shown that an account is most
likely to be a bot if the account score is =0.6 [24,27,29]. The
method used for bot detection has a detection accuracy above

JMIR Public Health Surveill 2017 | vol. 3| iss. 4 |€98 | p.100
(page number not for citation purposes)


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

JMIR PUBLIC HEALTH AND SURVEILLANCE

95%, suggesting that error from inappropriate removal of
legitimate accounts is minimal [25]. Spam-specific, unrelated
to e-cigarettes, tweets were manually removed based on
occurrence of certain keywords (see Multimedia Appendix 1
for complete list). Among the 6,185,153 tweets, 3,994,481
(64.58%) were identified as spam and were removed leaving
2,190,672 tweetsremaining in the clean dataset. About aquarter
of these tweets, 412,816, contained at least 1 hashtag, yielding
119,964 unique hashtags. Hashtags provide useful information
to identify topics of conversation.

To identify topics of e-cigarette—related conversations, we
created a Twitter hashtag co-occurrence network and identified
co-occurring clusters of hashtags. The concept clustersare built
asfollows: the network nodes represent all the different hashtags
extracted from the tweets, and for each tweet that contains more
than 1 hashtag, an edge (link) is placed between the nodes
corresponding to the co-occurring hashtags. A weight is
associated to each edge to convey the number of co-occurrences.
The weighted network that emerges from this procedure isthen
plotted using the network visualization tool Gephi [31] and
inspected to learn which topics are often discussed together.

Given the volume of data, we used specific network conditions
to filter the visualized clusters. Among Gephi’s visualization
algorithms, we choose the Fruchterman Reingold force-directed
layout [32]. The agorithm works in analogy to gravity forces
in natural systems: 2 nodes attract each other based on the
strength of their interaction (ie, the weight of their link). This
type of layout maximizes readability of network visualizations
by minimizing node overlap. Given the scale of the Twitter
hashtag co-occurrence network, to limit the number of nodes
to display, we imposed afilter to hide nodes with low degrees.
This filtering process allows us to focus on the most important
clusters and nodes, namely those that co-occur more frequently.
From Gephi’'s agorithms we finally used the Louvain
community detection algorithm which isused to reveal the most
significant clusters, groups of nodestightly interconnected [33].
In order to illustrate how results can change due to social bots,
we created and inspected the concept clustersfrom the 2 corpora
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of tweets, respectively including and excluding social bots and
their tweets. We then computed odds ratios from 2x2
contingency tables ([occurrence of specific hashtag among socia
bots/occurrence of specific hashtag among humans]/[occurrence
of al other hashtags among bots except the specific
hashtag/occurrence of all other hashtags among humans except
the specific hashtag]) to detect if hashtags varied by source
using a Fisher exact test to determine statistical significance.

To identify where in the United States e-cigarette—related
discussions were taking place, we extracted the user location
from the geographic coordinates field of each tweet, which
Twitter collects automatically. However, we observed that many
tweets did not have the coordinates defined because each
individual Twitter account can elect to turn off thisfunction on
their mobile phone, device, or computer, preventing Twitter
from collecting this information. To overcome this limitation,
we tranglated the location entered by the user in their metadata
(eg, Los Angeles) to latitude and longitude coordinates. Given
these 2 strategies, we could identify user location for
approximately 1% of al users in the analytical sample,
representing 36,549 users in the United States. We used a heat
map plot to determine where individuals discuss e-cigarettes.
In a heat map, stronger color intensity (similarly to heat)
suggests higher intensity of usein aspecific areaand vice versa.
By looking at frequency of tweets by location we can seewhere
priority areas exist for e-cigarette education campaigns.

Results

The cluster analysis from the corpus of hashtags from human
users contained 238 specific hashtags or nodes and 5203 edges
(Multimedia Appendix 2). Cluster 1 (pink) contained hashtags
indicative of behaviors (eg, #vaping), vaping identity (eg,
#vapelife), and vaping community (eg, #vapenation) (Table 1).
Cluster 2 (green) contained hashtags indicative of vaping
products (eg, #eliquids), vaping identity, and vaping community.
Cluster 3 (orange) contained hashtagsindicative of dua tobacco
use (eg, #hookah) and polysubstance use (eg, #marijuana).

Table 1. Most common hashtags in each respective cluster from the bot-free corpus.

Cluster? Hashtags

1 (pink) vaping, ecigs, vapelife, vapeporn, weed, buzz, vaporizer, vapenation, eliquid, cannabis, vape, vapes, bigtobacco, € uice, smokeshop
2 (green) eliquids, vaper, vapelife, smoke, instavape, vapecommunity, ecig, vapors, atomizer, vapeclub, vapestagram, vapesociety

3 (orange) smokers, nowsmoking, cigaretters, tobacco, week, marijuana, cigars, whisky, scotch, smoker, cigarettes, hookah, addiction, blu

8Colors correspond to the figure found in Multimedia Appendix 2.
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Table 2. Most common hashtags in each respective cluster from the bot corpus.

Cluster? Hashtags

1 (orange) Cigars, cigar, blu, tobacco, cigarette, smoke, smoking, photography, galanecigars, lifelove

2 (gray) vapes, vape, vaping, vapor, ecig, ecigs, vapefam, vapelife, vapor, smok, vaporstorm, eliquids, vapepen, vapefamily, vapeshop,
vapecommunity, vapeporn, vapers, vaporizer, ecigaretters

3 (blue) esmoke, esmoking, online, beast, mod, cheap, cigpet, starterskit, esmoker, mobile, ismog, modbox

4 (green) marijuana, smoking, health, weed, tobacco, cannabis, cbd, thc, cool, bongs, tobacco, quality, cheap, vapes, guice, quitsmoking

8Colors correspond to the figure found in Multimedia Appendix 3.
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Table 3. Associations between hashtags and data source (bots vs humans coded) with an odds ratio > 1 indicating greater likelihood from a bot.

Hashtags Odds ratio P value
addiction 0.62 .006
atomizer 0.53 <.001
beast 272 <.001
bigtobacco 0.08 <.001
blu 133 <.001
bongs 1.79 <.001
tobacco 1.05 .002
buzz 0.66 <.001
cannabis 181 <.001
cheap 1.81 <.001
cigar 0.66 <.001
cigarette 1.65 <.001
cigarettes 0.55 <.001
cigars 0.54 <.001
cigpet 273 <.001
cool 1.58 .03
ecig 0.54 <.001
€ecigs 152 <.001
guice 0.97 .23
eliquid 0.73 <.001
diquids 1.06 40
esmoke 2.88 <.001
esmoking 2.87 <.001
esmoker 2.89 <.001
health 1.00 .92
hookah 0.29 <.001
instavape 0.80 .03
ismog 2.89 <.001
marijuana 125 <.001
mobile 1.68 <.001
mod 247 <.001
modbox 241 <.001
nowsmoking 0.70 .003
online 2.78 <.001
photography 0.96 .87
quality 1.80 <.001
quitsmoking 227 <.001
scotch 0.02 <.001
smoke 1.00 .85
smoker 261 <.001
smokers 1.66 <.001
smokeshop 133 .07
http://publichesl th.jmir.org/2017/4/e98/ JMIR Public Health Surveill 2017 | vol. 3| iss. 4 [e98 | p.103
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Hashtags Oddsratio P value
smoking 1.04 31
starterskit 2.88 <.001
thc 243 <.001
tobacco 1.05 .002
vape 0.82 <.001
vapecommunity 0.19 <.001
vapefam 0.34 <.001
vapefamily 142 <.001
vapelife 0.63 <.001
vapenation 0.78 <.001
vapepen 0.89 .03
vapeporn 0.90 <.001
vaper 1.86 <.001
vapers 1.67 <.001
vapeshop 1.13 .03
vapesociety 0.34 <.001
vapestagram 0.69 <.001
vaping 115 <.001
vapor 0.68 <.001
vaporizer 0.29 <.001
vapors 0.52 .0002
vaporstorm 2.94 <.001
weed 1.03 .5694
whiskey 0.02 <.001

The cluster analysis from the corpus of hashtags from social
bots contained 4 clusters with 137 hashtags or nodes and 1600
edges (Multimedia Appendix 3). Cluster 1 (orange) contained
hashtags indicative of behaviors and dual tobacco use (Table
2). Cluster 2 (gray) contained hashtags indicative of behaviors
and vaping identity and vaping community. Cluster 3 (blue)
contained hashtags indicative of products (eg, #starterskit,
#modbox), including brand new products (eg, #ismog, a new
smart device with touch technology on a vaping box, #cigpet,
a new high wattage tank or “super tank”). Cluster 4 (green)
contained hashtags indicative of smoking cessation (eg,
#quitsmoking), interest in hedth (eg, #health), and
polysubstance use.

http://publichealth.jmir.org/2017/4/€98/

Social bots were more likely to post hashtags that referenced
smoking cessation and new e-cigarette devices compared to
human users (Table 3). For example, social bots were
significantly more likely to post #quitsmoking, #ismog, and
#cigpet compared to human users.

The heat map representing 26,565 tweets collected from
December 24, 2016, to April 21, 2017, shows that the volume
of tweetsis highest in the Mid-Atlantic (eg, Pennsylvania, New
Jersey, Maryland, and New York) and high on the West Coast
and Southwest (eg, California, Arizona and Nevada) (Figure
1).
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Figure 1. Heat map from December 25, 2016, to April 21,2017, for 26,565 tweets.

Discussion

Principal Findings

Data from online socia systems may be used to complement
and extend the surveillance of health behaviors including
tobacco product use. The hashtags we studied here provide
severa direct insights into e-cigarette—related attitudes and
behaviors with the identification of 3 clustersthat represent the
most cohesive posts. The cluster analysis from the corpus of
hashtags from human users demonstrated the existence of a
vaping identity and vaping community. Use of these hashtags
may serve further internalization of, and social bonding around,
vaping-related identities. These hashtags aso suggest
discussions of vaping may occur in an echo chamber on Twitter
inwhich ideas and beliefs are amplified by thosein the network
[34], normalizing vaping.

In the cluster analysisfrom the corpus of hashtags from human
users, we found many references to vaping-related products.
These hashtags represent away for commercial users to make
their posts searchable and integrate themselves into online
communities of vapers. Noncommercial users may also use
these hashtags to communicate to their followerswhich products
they recently purchased or which products they like to use
together (eg, their favorite modifiable device paired with their
favorite e-liquid) [10].

The third hashtag cluster found in the corpus from human users
indicated dual tobacco use and polysubstance use. These
co-occurring hashtags may reflect asyndrome of risky behavior
among select vapers. While research isaccumul ating about dual
e-cigarette and cigarette use[35,36], thereisadearth of research
on the associations between vaping and hookah, marijuana,
alcohoal, and other substance use. The findings from this study
should spur efforts to investigate these associations further.
When the population-level impact of e-cigarettes is being

http://publichealth.jmir.org/2017/4/€98/
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debated, the co-occurrence of vaping with alcohol and other
substances should also be considered.

In the corpus of hashtags from social bots, several results stood
out in contrast to the results from the human user corpus. For
one, acluster of hashtagswas detected that referenced smoking
cessation. This suggests social bots may be used to perpetuate
discussions on e-cigarettes as a cessation device. While earlier
research has suggested Twitter posts about vaping referenced
the use of e-cigarettes in cessation [22], it is important to
distinguish between individual users and social bots when
analyzing posts on Twitter [23,24,37]. Social bots may
perpetuate misinformation about the efficacy of e-cigarettesin
cessation, thus requiring education campaigns to serve as a
vehicle to correct this misinformation.

Hashtags from social bots also represented newly introduced
products to the marketplace (eg, #ismog and #cigpet) which
were significantly less prevalent in the human user corpus of
hashtags. This finding highlights a clear benefit of using social
mediadatain public health surveillance. In addition to searching
for known keywords and observing trends in the number of
social media posts that contain those keywords, the concept
cluster analysis can identify new keywords or hashtags posted
on Twitter. This process can serve as an early warning system
informing public health researchers about new products or new
ways in which products are appealing to the public. By using
social media data and keyword co-occurrence analyses we can
identify new products (likeismog or cigpet), brands, marketing
themes, activities, and events associated with tobacco product
use as they emerge in near real time. The findings from this
study complement recent research that relied on search
navigation data to detect growing interest in heat-not-burn
tobacco products[38]. Taken together, public health researchers
could use data from online social systems to fill knowledge
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gaps quickly and respond more readily to the popul ations they
serve.

Most posts were from the Mid-Atlantic and Southwest, which
iscompatiblewith earlier research relying on search navigation
data [9]. The findings mark priority areas for e-cigarette
education campaigns. Social media may be one way to engage
with nonusers of tobacco products to inform them of the
addictive properties of nicotine as well as the harms of
e-cigarette use [39]. Using social media as a complementary
surveillance system could alow public health researchers to
identify geographic disparitiesin emerging tobacco product use
earlier than traditional methods. While Twitter data should not
be used to supersede traditional health behavior surveillance
systems, social media could be used to fill information gaps
quickly and can provide an important starting off point to
address an issue of great import to public health or policy.

Limitations

Data collection relied on Twitter's streaming application
programming interface, which prevents collecting tweets from
private Twitter accounts. Asaresult, findings may not represent
the attitudes and behaviors from individuals with private
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accounts. This study used hashtags to identify themes in posts
on Twitter but did not specifically read and interpret each post
that the hashtags accompanied. Additional valuableinformation
could have been learned from the content of the posts that was
not described herein. Approximately 1% of al users in the
analytical sample provided data that allowed usto describe the
geographic areas in which e-cigarette—related discussions took
place in the United States. While thisis a small percentage, it
is compatible with earlier work [25,40] and represents 36,549
users in the United States. Additionally, we did not have the
necessary demographic information (eg, age) of Twitter users
to consider population density and age distributions of
geographic areas.

Conclusion

The findings from this study can inform the design of public
health surveillance in the future. This study demonstrated the
utility in using socia mediadatain understanding attitudes and
behaviorsand theimportance of distinguishing between Twitter
posts from social bots and humans during this process if the
intent isto assessviews held by real users. Findings should spur
efforts to better understand the consequences of
e-cigarette—related discussions on Twitter.
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Abstract

Background: Media coverage and reports have amajor influence on individual vaccination and other health-related activities.
People use the media to seek information and knowledge on health-related behaviors. They obtain health-related information
from media such as television and newspapers, and they trust such information. While several studies have examined therelation
between media coverage and individual health, there isalack of studies that have analyzed media reports of health information.
In particular, we have found no analyses related to cervical cancer (human papillomavirus [HPV]) vaccine.

Objective: This study aimed to identify mentions of cervical cancer vaccine in Japan’s printed news media and to determine
their characteristics.

Methods: We used the archival databases of 2 Japanese newspapers, Yomiuri Shimbun (Yomidasu Rekishikan) and Asahi
Shimbun (Kikuzo Il Visua), for text mining. First, we created a database by extracting articles published between January 1,
2007, and December 31, 2014, that matched the terms* cervical cancer” AND “vaccination” in akeyword search. Then, wetallied
the extracted articles based on the month of publication and number of charactersin order to conduct atime-series analysis.

Results: We extracted atotal of 219 articles. Of these, 154 (70.3%) were positive and 51 (23.3%) were negative toward HPV
vaccination. Of the 51 negative articles, 4 (7.8%) were published before June 2013, when routine vaccination was temporarily
discontinued due to concerns regarding side effects, and 47 (92.2%) were published since then. The negative reports commonly
cited side effects, athough prior to June 2013, these issues were hardly mentioned. Although foreign media reports mentioned
side effects before routine vaccination was temporarily discontinued, fewer articles mentioned side effectsthan recommendations
for vaccination. Furthermore, on June 13, 2013, the World Health Organization's advisory body Global Advisory Committee on
Vaccine Safety issued a statement regarding the safety of HPV vaccines, but hardly any articles reported this statement. Rather,
several articles were published about the side effects after June 2013.

Conclusions:  Since we consider media coverage to be a factor affecting human health behavior, the media should extensively
report on the cost of not receiving cervical cancer vaccination, global trends concerning cervical cancer vaccination, and statements
released by various agencies on the subject.

(JMIR Public Health Surveill 2017;3(4):€97) doi:10.2196/publichealth.8237
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Introduction

Vaccinations play a significant role in preventing epidemics
and the spread of infectious diseases, and a vaccination rate as
high as possible is required to maintain the health of an entire
society [1]. Japan’s vaccination program is regulated by the
Vaccination Act [2]. Although it changed from alegal obligation
to an obligation requiring an effort in 1994, the current
recommended vaccinations include influenza, mumps, and
hepatitis B [3]. When it comes to the cervical cancer (human
papillomavirus [HPV]) vaccine, public funds are being used in
more than 50 countries to provide vaccinations to adol escent
girls [4]. In Australia, vaccination is recommended for girls
aged 12 to 13 years, and the cost of providing cervical cancer
vaccination is entirely covered by public funds. Japan started
providing vaccination for cervical cancer in 2010 for girlsin
the first grade of elementary school to the fina year in high
school using a grant from public funds. In Japan, Gardasil and
Cervarix are the cervical cancer vaccines used. They are
effective in preventing infection with HPV types 16 and 18,
which are the main causes of cervical cancer. In addition,
Gardasi| prevents types 6 and 11 HPV, which account for 90%
of the cause of condyloma acuminata [5]. By April 2013,
considering the reduction in the number of cervical cancer cases,
the Vaccination Act stipulated that this vaccination should be
mandatory rather than optional. However, the cervical cancer
vaccine hasbecomeasocial issue, with lawsuitsbeing filed due
to alleged side effects [6].

From the perspective of herd immunity, one of the key factors
of avaccine's effectivenessisthe rate of vaccination. Therefore,
the main concern is how to increase it. In general, the factors
relating to rate increase have to do with availability of public
funds to support programs and the ease of access to medical
facilities. Tauil et a reported that the mother’slevel of education
and her socioeconomic condition had an impact on the
vaccination rate[7]. Tsuchiya et a found that the mother’s age
and the primary care physician's recommendation influenced
the vaccination rate [8].

Mediacoverage and reports are also major factorsininfluencing
individual vaccination and other health-related activities. People
use the media to seek information and knowledge on
health-related behaviors [9]. A study by Hagihara et al found
that coverage of suicides in newspapers is significantly
correlated to the number of suicides committed the following
month [10]. Ishii reported that the number of suicidesincreased
after articles were published on a celebrity’s suicide [11].
According to Uesugi, people obtain health-related information
from media such as television and newspapers, and they trust
such information [12]. On the other hand, Fujioka stated that
people may also be skeptical or even critical of health-related
activities reported in the media[13].

While several studies have examined the relation between media
coverage and individual health, studies analyzing mediareports

http://publichealth.jmir.org/2017/4/€97/

of health information are lacking. In particular, there are few
analyses related to cervical cancer vaccine [14,15]. Further
studies are needed to examine the relation between media
coverage and cervical cancer vaccine.

Therefore, this study aimed to identify reports of the cervical
cancer vaccine in Japan’s printed news media and to determine
their characteristics.

Methods

With the increasing cross-ownership of print media and
television networksin recent years, newspapers now report the
sametype of newsastelevision. Onthisbasis, for thisresearch,
we used Yomidasu-Rekishikan, the archival database of Yomiuri
Shimbun (hereafter, Yomiuri), the newspaper with the largest
circulation in Japan [16], and Kikuzo Il Visual, the archival
databases of Asahi Shimbun (heresfter, Asahi), the newspaper
with the second largest circulation. First, we created a database
on the subject by extracting articles published between January
1, 2007, and December 31, 2014, and matching the terms
“cervical cancer” AND “vaccination” in a keyword search.
Then, we tallied the extracted articles based on the number of
articles published per month, the number of characters used per
month, and the average character count, as well as parsing the
articlesinto the number with apositive or supportive viewpoint,
and the number with a negative or oppositional viewpoint. We
defined supportive articles as those that included positive
comments such as “public funding method of acquisition for
programs’ or words such as “prevention” and
“recommendation.” We defined oppositional articles as those
that featured content such as side effects and used terms that
shed a negative light on cervical cancer vaccination, such as
“refrain from” or “pain.” Additionally, for each positive and
negative article, we counted the numbers of articlesthat included
commentary from experts, that gave an explanation about the
cervical cancer vaccine, that included information related to
consultation, that included photographs or diagrams, and that
dealt with compensation. We then conducted a time-series
analysis based on this information.

Results

Tallied Articles and Basic Char acteristics

Figure 1 chartsthe 219 extracted articles to indicate the change
in the number of articles published during the years 2007 to
2014. Thefirst articlerelated to the cervical cancer vaccinewas
published in Asahi on February 4, 2007. The number of articles
concerning the cervical cancer vaccine increased during 2010.
Overal, therewere 154 (70.3%) positive articlesand 51 (23.3%)
negative articles. Figure 1 further shows the change in the
number of positive and negative articles published each month
since the start of 2010, when the number of articles being
published on the subject increased rapidly, until 2013, when
both the regulation of the vaccination program and the articles
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that specifically covered this issue changed. From September
2010, when a grant was established using public funds for the
cervical cancer vaccine, until a temporary interruption in the
vaccination program in June 2013, a total of 110 positive

Uedaet al

articles, which made up 96.5% of all articles up to that point,
had been published. However, starting in June 2013, all articles
on the subject were negative.

Figure 1. Trendsin number of articles related to cervical cancer vaccine (January 2010-December 2013) and their viewpoint (positive or negative).

GACVS: Globa Advisory Committee on Vaccine Safety.
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Table 1. Taly of articles with positive and negative viewpoints on cervical cancer vaccination and their characteristics (2007-2014).

Characteristics Year of publication Total
2007 2008 2009 2010 2011 2012 2013 2014

No of articlesretrieved 3 0 1 105 31 17 48 14 219

Total no. of characters 3338 0 829 75,354 21,389 21,810 42,198 42,198 207,166

No. of characters per article 1129 0 829 718 690 1283 879 3014 8542

Positive articles 2 0 1 97 28 17 7 2 154
Expert commentary 2 0 1 60 10 6 0 1 80
Detailed explanation of cervical cancer vaccine 1 0 1 31 8 6 3 1 51
Places where people could consult experts and 1 0 1 10 5 0 0 0 17
obtain advice
Photographs or charts 0 0 0 13 2 2 0 0 17
Government compensation 0 0 0 0 1 1 0 0 2

Negative articles 0 0 0 1 0 0 39 11 51
Expert commentary 0 0 0 1 0 0 19 5 25
Explanation of side effects 0 0 0 1 0 0 29 8 38
Places where people could consult expertsand 0 0 0 0 0 0 1 1 2
obtain advice
Photographs or charts 0 0 0 0 0 0 0 1 1
Government compensation 0 0 0 0 0 0 3 1 4
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Analysis of the Coverage of and Article Contentson
Cervical Cancer Vaccine

A total of 219 articlesregarding cervical cancer were published
from 2007 through 2014 (Table 1). No articles on the subject
were published during 2008, while most (n=105) were published
during 2010. During 2014, the highest number of characters per
article (n=3014 characters) was allocated to this subject. Of the
154 positive articles, most (n=97) were published in 2010. The
content of the positive articles included commentary by
knowledge experts (80 articles), which was the most common
characteristic of the positive articles, and 60 of the positive
articles with expert commentary were published in 2010. Of
the positive articles, 51 included a detailed explanation of the
cervical cancer vaccine, and most such articles (n=31) were
published in 2010. A total of 17 positive articles listed places
where people could consult experts and obtain advice, and 10
of these were published in 2010. Also, 17 positive articles
included photographs or charts, and most of these (n=13) were
published in 2010. Only 2 articles, 1 published in 2011 and 1
in 2012, focused on government compensation.

Of the 51 negative articles, the majority (n=39) were published
in 2013. The content of the negative articles had the following
characteristics. Of the 25 articles with expert commentary, 19
were published in 2013. A total of 38 articles gave a detailed
explanation of side effects, which was the top characteristic of
the negative articles, and 29 of these were published in 2013.
In total, 2 articles, 1 published in 2013 and 1 in 2014, focused
on where people could obtain consultation and advice. Only 1
article, published in 2014, used photographs or charts. Of the
4 articles that mentioned government compensation, 3 were
published in 2013.

Discussion

Inthisstudy, weused Yomiuri 'sand Asahi 'sarchival databases
to analyze the characteristics of media coverage regarding
cervical cancer vaccination in Japan. Thefirst article on cervical
cancer vaccination was published by Asahi in 2007. There was
amarked increase in the number of articles in 2010, and most
of them were positive. In 2013, there was an increase in the
number of negative articles published.

In 2010, a decision to publicly assist the funding of cervical
cancer vaccination led to an increase in the number of articles
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published that year. On the other hand, the first report on side
effects was by Yomiuri in a2010 articletitled “Cervical cancer
vaccine: many faint, shots on shoulder muscle, severe pain.”
This article reported that the research conducted by the Japan
Ministry of Health, Labour and Welfare found that one of the
side effects of the cervical cancer vaccine was a disruption in
balance controlled by the autonomic nervous system, which in
many cases causes peopleto faint [16]. Additionally, the number
of articles published on the subject increased in 2013, due to
repeated coverage of reported cases about side effects, along
with articles about the Ministry of Health, Labour and Welfare
recommending discontinuation of the cervical cancer vaccine.

After June 2013, an advisory body of the World Heath
Organization, the Global Advisory Committee on Vaccine
Safety (GACVS), issued 3 statements to encourage restarting
routine cervical cancer vaccination [17,18]. The first statement
was made on June 13, 2013. After considering the reports on
the side effects of the cervical cancer vaccinein Japan, GACV S
reassured readers of the vaccine's saf ety. The second statement,
made on March 12, 2014, emphasized the effectiveness of the
vaccine after giving due consideration to the causal relationship
between the cervical cancer vaccine and its side effects. In the
third statement, rel eased on December 17, 2015, whilereferring
to the policy decision to temporarily discontinue routine cervical
cancer vaccination, the GACV'S recommended restarting the
vaccination program. In Japan, the Japan Pediatric Society and
the Japan Society of Obstetrics and Gynecology also released
statements calling for restarting routine cervical cancer
vaccination [19,20]. Just 8 days after the government paused
routine cervical cancer vaccination, the Japan Society of
Obstetrics and Gynecology released a statement calling for a
careful investigation of side effects, with an examination into
the vaccine's safety as well. However, our study clarified that
the newspaper companies barely covered this. In addition, when
we overviewed worldwide trends regarding cervical cancer
vaccination (Figure 2), it was clear that there was aready
information available on side effects, yet no articles mentioned
this [6]. Additionally, even though the Japan Medical and
Scientific Communications Associ ation was established in 2006,
no writers or reporters had knowledge about or covered the
subject. This suggeststhat the Japanese printed news mediaare
out of touch when it comesto medical newsreportsfrom outside

of Japan.
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Figure 2. Worldwide trendsin cervical cancer vaccination. HPV: human papillomavirus. (Modified by the authors based on Wilson et a [6]).

The research findings indicated that there were very few
balanced articles covering the effect and effectiveness of the
cervical cancer vaccine, along with its side effects, and most
articleswere biased and one-sided. Witteman et al reported that
biased commentary affects the individua’s health-related
activities [21]. With public funds came positive reports, and
with the temporary halt in the vaccination program, negative
articles appeared. It became obvious that reports by each
newspaper relied on official statements by the Ministry of
Health, Labour and Welfare and victim organizations. Since
the causal relationship between the cervical cancer vaccine and
itsside effectsisyet to be proven scientifically, we suggest that,
after reading reports relying on official statements, readers
would find it even more difficult to make an accurate decision
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on this issue. At the same time, Chung noted that parents are
far more afraid of losing their children to vaccination than to
the disease itself [22]. Some parents have a tendency to not
vaccinate their children, and media coverage may be
encouraging and influencing such tendencies.

In Japan, every year, approximately 15,000 people are given a
diagnosis of cervical cancer, and approximately 3500 die of it
[23]. This is the second-highest morbidity rate among
female-specific cancers after breast cancer and the highest
morbidity ratefor cancer among thosein their 20sand 30s[24].
As we consider media coverage as a factor affecting human
health behavior, the media should extensively report on the cost
of not receiving cervical cancer vaccination, global trends
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concerning cervical cancer vaccination, and statementsreleased  Since we examined only newspaper articles in this study, to
by various agencies on the subject. develop this research theme further, television, Internet, and

other media coverage beyond printed newspaper articles must
be researched aswell.
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Abstract

Background: Human immunodeficiency virus (HIV) disproportionately affects black men who have sex with men (MSM), yet
there are few evidence-based interventions specifically designed for black MSM communities. In response, the authors created
Real Talk, atechnology-delivered, sexua health program for black MSM.

Objective: The objective of our study wasto determine whether Real Talk positively affected risk reduction intentions, disclosure
practices, condom use, and overall risk reduction sexual practices.

Methods: The study used a quasi-experimental, 2-arm methodol ogy. During the first session, participants completed a baseline
assessment, used Real Talk (intervention condition) or reviewed 4 sexua health brochures (the standard of care control condition),
and completed a 10-minute user-satisfaction survey. Six months later, participants from both conditions returned to complete the
follow-up assessment.

Results: A total of 226 participants were enrolled in the study, and 144 completed the 6-month follow-up. Real Talk participants
were more likely to disagree that they had intended in the last 6 months to bottom without a condom with a partner of unknown
status (mean difference=-0.608, P=.02), have anal sex without a condom with a positive man who was on HIV medications
(mean difference=—0.471, P=.055), have their partner pull out when bottoming with a partner of unknown HIV status (mean
difference=-0.651, P=.03), and pull out when topping a partner of unknown status (mean difference=—0.644, P=.03). Real Talk
participants were also significantly more likely to disagree with the statement “1 will sometimes lie about my HIV status with
people | am going to have sex with” (mean difference=-0.411, P=.04). In terms of attitudes toward HIV prevention, men in the
control group were significantly more likely to agree that they had less concern about becoming HIV positive because of the
availability of antiretroviral medications (mean difference=0.778, P=.03) and pre-exposure prophylaxis (PReP) (mean
difference=0.658, P=.05). There were, however, no significant differences between Real Talk and control participants regarding
actual condom use or other risk reduction strategies.

Conclusions: Our findings suggest that Real Talk supports engagement on HIV prevention issues. The lack of behavior findings
may relate to insufficient study power or the fact that a 2-hour, standal one intervention may be insufficient to motivate behavioral
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change. In conclusion, we argue that Real Talk’s modular format facilitates its utilization within a broader array of prevention
activities and may contribute to higher PReP utilization in black MSM communities.

(JMIR Public Health Surveill 2017;3(4):e78) doi:10.2196/publichealth.7933

KEYWORDS

HIV; health promotion; sexuality; harm reduction; African Americans,; sexual minorities; telemedicine

Introduction

Background

Human immunodeficiency virus (HIV) has disproportionately
affected black men who have sex with men (MSM) since the
beginning of the epidemic. Today, nearly 40% of individuals
living with HIV in the United States are African American,
even though African Americans represent only 12% of the US
population [1]. Among the more than 350,000 black men living
with HIV, approximately half (53%) are MSM [2]. Since 2014,
black MSM have been the subpopulation with the highest
number of new HIV diagnoses [3], and arecent meta-analysis
estimated black MSM incidence rates at 4.16% [4]. If these
trends continue, 50% to 60% of black gay and bisexua men
will receive an HIV diagnosisin their lifetime, nearly 3 times
the percentage of gay and bisexual men overall [3,4].

Despite the devastating impact of HIV on black MSM, there
arerelatively few evidence-based HIV prevention interventions
designed specifically for black MSM [5]. Nor are there any
demonstrated efficacious technology-delivered interventions
targeting black MSM, despite the growth of effective eHealth
and mHealth sexual health programsin recent years|[6]. Because
funders such as Centers for Disease Control and Prevention
(CDC) often require practitioners to use programs with
demonstrated efficacy, the lack of evidence-based programs
designed specifically for black MSM may limit our ability to
respond to black MSM’sdiverse sexual health needs, identities,
and intervention format preferences.

The Real Talk Program

Seeking to offer additional evidence-based HIV prevention
options for black MSM and the providers who serve them, the
investigators developed Real Talk in both face-to-face and
computer or tablet-delivered formats, the latter of which isthe
focus of this study (see [7] for a detailed presentation of Real
Talk’'s product development and intervention content). Real
Talk is loosely based on a popular suite of Afrocentric,
group-level HIV prevention interventions developed for adult,
teenage, and HIV-positive African-American women—SI STA,
SIHLE, and WiLLOW [8]. Thetrilogy focuseson risk reduction
strategies, skills building and peer support using a social
cognitive theoretical framework within the context of the
intersectionalities experienced by black women. These
interventions are part of CDC's Diffusion of Effective
Behavioral Interventions (DEBI) library [9] and are also
available in 2-hour long computer-delivered versions, all of
which demonstrated preliminary efficacy in  reducing
HIV-related risks [10-12]. Given that black MSM face many
of the intersectionalities addressed in the trilogy, including
gender/sexuality power dynamics and racism in interactions

http://publichealth.jmir.org/2017/4/€78/

with the mainstream (white) gay community, the developers
believed that thetrilogy’s Afro-centric empowerment approach
might resonate with black MSM and similarly generate
improved sexual health outcomes.

In adapting the SISTA/SIHLE/WiLLOW trilogy for black MSM,
Real Talk positionsHIV prevention within agrowing gay health
movement that defines sexual health as more than safer sex
practices or the absence of disease[13-15]. Real Talk doesthis
through affirming black MSM’s resilience in the face of
intersecting forms of discrimination and oppression while
acknowledging the reality of high levels of HIV prevalence
among black MSM [16]. And because individuals vary in their
ability—and indeed, desire—to engage in consistent condom
use, Real Talk uses a sexual harm reduction framework that
recognizes the many HIV prevention strategies that MSM use
today. Theseinclude serosorting, negotiated saf ety agreements,
and for HIV-negative men, pre-exposure prophylaxis (PReP)
[17-19]. Our starting point isto meet people wherethey are[20]
and not judge men because of their (unsafe) sexual behaviors.
In addition, unlike many DEBI programs, Real Talk does not
attempt to persuade participants to adopt a particular HIV risk
reduction strategy or set of strategies (eg, 100% condom use
with all partners, monogamous relationships, and decreasing
the number of sexual partners). The program instead offersmen
a 6-step harm reduction tool to help them make sexual health
decisions that are in line with their values, life objectives, and
the current HIV prevention landscape outlined above. In this
framework, condom useisan important, but not the only, sexua
health promotion strategy. By being upfront about theserealities,
we believe Real Talk can more credibly engage men who might
otherwise be less responsive to condom-focused interventions
while nonetheless not discounting the importance of condoms
as an HIV prevention strategy.

We created both the computer and face-to-face versions of Real
Talk using an iterative agile product development process that
included the following: (1) a Web-based needs assessment of
national practitioners recruited through the National Minority
AIDS Council in 2012, focus groupswith black MSM in Atlanta
and San Francisco in 2012-2013, and interviews with HIV
prevention providers in these same cities in 2012-2013, (2)
prototype testing of 2 activity components of the
computer/tablet-delivered program with black MSM in 2013,
(3) arun-through of the compl ete 12-hour face-to-face program
in early 2014, and (4) input on design, activity format, and
storyboards from a community panel of 6 black MSM
throughout programming of the computer/tablet-delivered
version in the second haf of 2014. The find
technol ogy-delivered version of Real Talk playson PC and Mac
computers and Android mobiletablets, with WiFi necessary for
optimal user experience. The program’s 6 modules take users
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approximately 2 hours to complete, in comparison to 12 hours
for the face-to-face format (Multimedia Appendix 1). Users
may stop at any point, resume where they left off, and if they
desire, repeat the already completed activities. All modules
combine audio narration, visual presentations, interactive
components (eg, drop and drag, list creation, and scroll over
pop-ups), games, and video clips of black MSM talking about
their lives (Multimedia Appendices 2 and ). We have also
conscioudly inserted humor within each module to maintain
viewer interest (eg, the “mad scientist” presenter for Module
4's Condom L aboratory) and to defuse potentially emotionally
challenging topics (eg, Module 5’'s communication style videos,
which mirror the over-the-top role-playsthat participants created
in the 2014 face-to-face curriculum pilot tests).

Real Talk’s content builds on the three central themesidentified
in our formative research: (1) stigma, discrimination, and
intersectionalities in the lives of black MSM, (2) the need for
safe spaces and community, and (3) the need for sexual harm
reduction approachesin HIV prevention programming [7]. For
example, the opening “My Community” module situates sexual
health within the broader context of men’s lives and includes
self-reflections on user’s relationships with black, gay, and
black gay communities and video content addressing racismin
gay communities and homophaobia within the family. These
activities enable men to examine thetensionsthat can arisefrom
balancing racial, sexual, and other identities and how these
processes may affect sexual health decision-making. These
themes are revisited in Module 3, where men reflect on stress
and coping strategies; in Module 4, where men explore different
harm reduction strategies in the unique contexts of their own
lives, and in Module 7, where men examine what kind of
relationshipsthey would like to have and where they might turn
to for sexua health and relationship support.

Study Aims

This study aimed to determine whether a culturally tailored,
computer/tablet-delivered, sexual health program can engage
black MSM on sexual health issues, promote HIV risk reduction
practices, and produce improvements in psychosocia factors
linked to sexual risk behaviors. We hypothesized that, relative
to the control condition, men in the Real Tak condition at
follow-up would report the following: (1) higher levels of
intention to reduce HIV risk, (2) increased HIV disclosure with
partners, (3) higher levels of condom use for insertive and
receptive anal sex, and (4) less risky sexual practices overall.
These findings would provide preliminary support for the
efficacy of Real Talk and offer organizations a technologically
contemporary and easily scalable evidence-based HIV program
for black gay men/MSM.

Methods

Recruitment

From June 2015 to May 2016, we conducted a
guasi-experimental, 2-arm outcome study at 4 sites to test the
preliminary efficacy of the computer/tablet-delivered version
of Real Talk in reducing sexual health risks and improving
psychosocial factors associated with sexual health (Portland
State University IRB Protocol #153352). Two study sites were
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located in Florida, and one each in Georgia and New Jersey,
and all sites have long histories of providing prevention and
care servicesto black MSM. Due to the endogamous structures
of black MSM communities [21] and the possibility of
intervention effect contamination, we assigned sites to either
the Real Talk condition (the 2 Florida sites) or the control
condition (the Georgia and New Jersey sites). Our target
enrollment was 276 men. Accounting for 15% study attrition,
we projected a sample size of 240 men who would complete
the baseline, condition, and 6-month follow-up. Based on our
formative research and the epidemiological literature on black
MSM sexua practices, we estimated that the control condition
would report an average of 70% condom protected sex at the
6-month follow-up. Using alpha=.05 and a 2-sided test, this
sample size would support the detection of a 10% differencein
condom-protected sex between the control and intervention
conditions with 80% power.

Sites recruited men through their existing client base,
venue-based outreach, socia media spaces, and snowball
sampling. To be eligible, men were required to self-identity as
black/African-American, be between the ages of 18 and 49
years, and report having had sex with a man in the past 3
months. We decided on a cutoff age of 49 years because of the
following reasons: (1) the intervention does not include any
specific content on aging and sexual health issues, (2) program
aesthetics and role-play scenarios were directed toward the 20s
to 40s age range, and (3) individuals in the 18 to 49 age range
are on average morelikely to be sexually active than their older
counterparts. During the first session, participants completed a
baseline assessment using a computer or tablet administered
SurveyMonkey instrument, used Real Tak (intervention
condition) or reviewed 4 sexual health brochures (the standard
of care control condition), and completed a 10-minute
user-satisfaction survey on their impressions of their respective
study condition. Six months later, participants from both
conditions returned to compl ete the foll ow-up assessment. The
baseline and follow-up assessments were identical and assessed
demographic characteristics; mental health and social support;
HIV/STI (sexualy transmitted infection) knowledge and
prevention atittudes; partner communication; HI\V/STI history;
race, identities, and sexuality (intersectionalities); alcohol and
drug use; and sexual behavior/risk reduction strategies.

Over the period of Juneto October 2015, 226 participants were
enrolled in the study and completed the baseline assessment
and their particular condition, with 106 men in the Real Talk
arm and 120 men in the control (Multimedia Appendix 4).
Participants received US $50 for completing the first session
and US $75 for completing the follow-up assessment. A total
of 140 participants returned for the 6-month follow-up
assessment, 72 in the intervention condition (67.9% retention
rate) and 68 in the control condition (56.7% retention rate).
Therewere no significant sociodemographic differences between
the 140 participantsretained in the study at follow-up compared
with the 86 men unavailable for the foll ow-up assessment. Men
who completed the 6-month post assessment were significantly
less likely, however, to report being connected to their families
(94/140, 67.1% vs 186/226, 82.3%, P=.03) and having healthy
relationships with their partners (90/140, 64.3% vs 199/226,
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88.1%, P=.01) than the baseline sample. One hypothesis to
explain this difference may be that socially isolated men may
interact more frequently with community-based organizations
to meet their psychosocial needs than their more socia
integrated peers and, as a result, be less likely to be lost to
follow-up.

M easures

Risk Reduction I ntentions and Disclosure Practices

Risk reduction intentions over the past 6 months were assessed
using 22, 1-5 scale, Likert items addressing risk reduction
strategies (eg, condom use, serosorting, strategic positioning,
pulling out, and not using condoms when positive partner ison
ART or has an undetectable viral low) [22]. A 5-item index
(alpha=.928) assessed men’s confidence in negotiating safe
sexual practiceswith their partners, with higher scoresindicating
greater partner communication efficacy [23]. Twelve Likert-type
items addressed disclosure-related issues (eg, “1 will wait for
my partner to tell me his status before | tell him mine,” “1 will
tell my partners my HIV status before | have sex with them,”
and “1 will sometimes lie about my HIV status to people | am
going to have sex with"). Fifteen questions addressed intentions
on sexual practices and risk reduction strategies for the next 6
months [22].

Condom Use and Other Risk Reduction Practices

Condom use and other risk reduction practices were assessed
through questions addressing the following: (1) the number of
times participants had engaged in particular risk reduction
strategies for insertive and receptive anal sex, with separate
sectionsfor positive, negative, and unknown status male partners
(8 questions per partner HIV statustype) and (2) a 24-question
examination on each of the participants’ last 3 sexual partners,
including partner characteristics, discussion of HIV status, risk
reduction practices for insertive and receptive anal sex, and
reasons for not using condoms for topping and bottoming if
applicable [22].

Sexually Transmitted | nfectionsand HIV Status

Men's HIV/STI history was assessed using self-reports of
gonorrhea, chlamydia, syphilis, and human papillomavirus
diagnoses in the past 6 months, date of last HIV test, result of
last HIV test, PrEP use in self-reported HIV-negative men, and
ART and vira load testing among self-reported HIV-positive
men.

Psychosocial Mediators

We derived psychosocial mediators from the intervention’s
underlying social cognitive and gender and power theoretical
framework and the literature discussed in the introduction
section of this study, with the goal of capturing potential changes
in mental health, social support, and other factors that may
mediate an individual’s HIV risk and risk reduction practices.
All constructs were assessed using scales with satisfactory
psychometric properties developed in evaluations of the
face-to-face and computer-delivered versions of the
SISTA/SIHLE/WILLOW trilogy [11,12,23,24] and behavioral
studies with black MSM [18,22,25].
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Mental Health and Social Support

Self-esteem was assessed using the 10-item Rosenberg
Self-Esteem Scale (alpha=.885) [26] and the 18-item Ways of
Coping Questionnaire[27]. We also created 14 yes/no questions
addressing men’'s social support from family, friends, work,
and black and gay communities (5 questions on practical
support, 5 on connectedness, and 4 on relationship quality).

Prevention Knowledge and Attitudes

Six trueffalse questions addressed HIV transmission risk
knowledge (eg, “HIV is only transmitted through anal sex,’
“STls put people at a greater risk of HIV infection,” and
“sheepskin condoms are better than latex condoms for
preventing HIV transmission”). A 5-item index assessed
negative attitudesto condom use (alpha=.585) [22], and several
sectionsfrom the ASSORT! study instrument addressed attitudes
toward HIV prevention [22]: importance of HIV risk reduction
given the realities of effective HIV treatment (4 questions),
relative responsibility of HIV-negative and HIV-positive men
for HIV prevention (8 questions), and perceived HIV risk based
on the race/ethnicity and age of partners (9 questions).

Identities and I nter sectionalities

Fourteen yes/no questions compared the experiences of black
men to gay men, women, and heterosexual men of different
race/ethnicities. Two open-ended questions and 3 ranking
guestions examined experiences of discrimination. Nine
guestions asked where respondents socialize and meet partners,
4 questions measured the number of people who know they
have sex with men (ie, friends, family, work, and overall), and
the 45-item A spects of Identity Questionnaire IV (alpha=.971)
[28] assessed personal, relational, social, and collectiveidentity
orientations.

Alcohol and Substance Use

Two questions addressed al cohol consumption frequency (days
used) and intensity (number of drinks per day) in the past 30
days. Four questions addressed substance use just before or
during sex in the past 30 days (alcohol, poppers, downers, and
painkillers), and 10 questions covered non-prescription
substance usein the past 30 days for marijuana, hallucinogens,
ecstasy, ketamine, GHB, methamphetamine, crack, powder
cocaine, heroin, and erectile dysfunction medications.

User Satisfaction

Participants completed a 22-item user satisfaction survey
immediately after viewing Real Talk (intervention) or reviewing
the sexual health brochures (control). The user satisfaction
included Likert-like scale questions on experience with the
program or brochures (ie, enjoyment, presentation, held
attention, and clarity) and intervention/material quality (ie,
overall design, ease of use, usefulness of information, and
potential to help people lower their sexua health risks).
Open-ended questions addressed overall impressions, likesand
dislikes, new information learned, and suggestionsfor improving
Real Talk or the sexua health brochures.

Data Analysis

Statistical analyses occurred in 3 phases. We first calculated
descriptive  statistics for  sociodemographic  variables,
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hypothesized mediators, and sexual behaviors. We then
conducted bivariate analyses to assess differences between
conditions, using t testsfor continuous variables and chi-square
test for dichotomous variables. In our third analytic stage, we
constructed linear, negative binomial, and linear regressionsto
assess Real Talk intervention effects at the 6-month follow-up.
Variables for which differences at baseline between study
conditionswere statistically significant (P<.05) and which were
hypothesized to be linked to outcomes were included as
covariatesin the models. For continuous outcomes (eg, all scales
and the Likert-scale risk reduction practice questions), we
constructed separate linear multiple regression models and
calculated mean differences, percent relative change, and the
corresponding 95% Cl and P values. For count variables (eg,
# of timesthe participant used particular risk reduction strategies
for HIV-positive, HIV-negative and unknown status partners),
we constructed separate negative binomial regression models
and calculated adjusted means, likelihood ratios, and the
corresponding 95% Cl and P val ues. For dichotomous outcomes
(eg, used condomsduring thelast anal sex, all yes/no disclosure,
socia support, connectedness, and knowledge questions), we
constructed multiple logistic regression models and cal culated
adjusted odds ratios, 95% Cls, and corresponding P values.
Analyseswere conducted using SPSS statistics version 23 (IBM
Analytics, Armonk, New York).

Results

Participants

A total of 140 participants completed the baseline assessment,
study condition, and 6-month post assessment. At baseline,
participants had amean age of 33 years. A total of 66 men (47%)
reported being HIV-positive and 57 (41%) being HIV-negative,
with the remainder not reporting their HIV status. Sixty-two
men (44%) described their sexua identity as gay, 40 (29%)
homosexual, 9 (6%) same-gender loving, 15 (11%) bisexual,
and 4 (3%) heterosexual. For the sample as a whole, 65% of
people in the men’s lives knew that they have sex with other
men. In terms of the highest level of education, 12 men (9%)
reported having less than a high school degree, 46 (33%) ahigh
school diploma, 42 (30%) some college degree, 18 (13%) a
2-year or technical degree, 17 (12%) a 4-year degree, and 4
(3%) having completed graduate work beyond a 4-year degree.
Participants’ incomes were below national averages, with 34
men (24%) reporting less than $6000/year, 24 (17%) between
$6000 and $12,000/year, 33 (24%) between $12,000 and
24,000/year, 33 (24%) between $24,000 and 48,000/year, and
12 (9)% earning over $48,000/year.

Participants reported relatively low levels of stress (mean=2.4
on altob5 scale, with 5=agreat deal of stress, SD=0.84251),
high levels of self-esteem (mean=4.2 on a 1 to 5 scale, with
5=highest self-esteem, SD=0.80244), moderately high levels
of self-efficacy (mean=3.9 on a 1 to 5 scale, with 5=highest
self-efficacy, SD=0.76667), and moderate levels of coping skills
(mean=3.26 on a1 to 5 scale, with 5=the highest level of coping,
SD=0.55940). A total of 94 men (67%) also said they had a
healthy relationship with their families. Only 51 (36%) men felt
that the black community accepts black gay men, whereas 85
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men (61%) thought that the white gay community accepts black
gay men. In terms of where men socialize, 105 (75%) men
reported hanging out and meeting men online, 94 (67%) at gay
bars, 92 (66%) at dance clubs, 78 (58%) at community
organizations, 77 (55%) at coffee shops and restaurants, 71
(51%) at professional networks, 64 (46%) at the gym, 49 (35%)
at church, and 30 (21%) at bathhouses.

Regarding sexual behaviors and risk reduction strategies, 100
of 140 men (71%) reported being single at baseline. The median
number of male sex partners in the past 6 months was 2, with
a mean of 6 and a mode of 1 (SD=14.064). Of 59 men who
reported having insertive anal sex with their last male partner,
25 (42%) said they used a condom the whole time, whereas 35
(58%) of the 60 men who reported having receptive anal sex
with their last male partner said they used a condom the whole
time. Moreover, 89 of the 125 (71%) men reporting a male sex
partner in the past 6 months said that they discussed HIV status
with their last male sexual partner. Respondents reported an
average of 4.1 on a 1-5 Likert scale (4=agree and 5=strongly
agree) for both condom use with different status partners and
condom use with unknown status partners. Regarding intentions
to use risk reduction strategies other than condoms in the past
6 months, on a 1-5 Likert scale, baseline respondents reported
a 3.5 average on serosorting (3=neutral and 4=agree), 2.6 on
negotiated safety agreements (2=somewhat disagree and
3=neutral), and 2.5 pulling out when topping. Only 3 men stated
they were on PrEP at baseline.

We found statistically significant differences (P<.05) between
theintervention and control conditions at baselinefor 3 variables
theorized to be linked to sexual behavior outcomes—age, HIV
status, and having someone to talk about dating and
relationships. These 3 variables were included as covariatesin
the linear regression and logistic regression analyses.

Intervention Effects
I ntentions and Disclosure

In comparision with the control group condition, Real Talk
participantswere morelikely to disagree that they had intended
in the last 6 months to bottom without a condom with a partner
of unknown status (mean difference=—0.608, 95% Cl=-1.23t0
-0.09, F;q,=5.4, P=.02), have their partner pull out when
bottoming with a partner of unknown HIV status (mean
difference=—0.651, 95% Cl=-1.25t0-0.05, F; g5=4.64, P=.03),
and pull out when topping a partner of unknown status (mean
difference=-0.644, 95% CI=1.2 to -0.08, F, gg=5.23, P=.03),
and have anal sex without a condom with a positive man who
was on HIV medications approached significance (mean
difference=—0.471, 95% Cl=-0.951t0 0.01, F; 49=3.77, P=.055;
see Multimedia Appendix 5). Real Talk participants were also
significantly more likely to disagree with the following
statement: “1 will sometimes lie about my HIV status with
people | am going to have sex with” (mean difference=—0.411,
95% CI=-0.79t0 -0.03, 4, F; 100=1.54, P=.04). There were no
other significant differences on the remaining 11 disclosure
Likert scale questions, disclosure of HIV status with the last
male sex partner, or the partner communication self-efficacy
scale.
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Condom Use and Other Risk Reduction Practice

There were no significant differences between Real Tak and
control participants regarding condom use for insertive or
receptive anal sex at last sexual encounter and the number of
partners in the past 6 months with whom they always used
condoms for insertive and receptive anal sex. Nor were there
any signficant differences regarding use of non-condom-based
risk reduction practices, although there were insufficient data
to support detailed analyses of the number of timesrespondents
used risk reduction strategies by partner HIV status and type.

Mediators

Men in the control condition were significantly more likely to
agree that they had less concern about becoming HIV positive
because of the availability of antiretroviral medications (mean
difference=0.778, 95% Cl=-1.47t0-0.08, F; 1,,=4.84) P=.03),
post-exposure prophylaxis (mean difference=0.826, 95%
Cl=-1.33 to -.33, F;,0=10.76, P=.001), and PrEP (mean
difference=0.658, 95% Cl=-1.31to -.01, Fy 1,6=4.06, P=.05).
Control condition participants were also significantly more
likely to agree with the statement “ sheepskin condoms are better
than latex condoms in preventing HIV transmission” (17.6%
vs 4.8%, exp (b)=7.10, P=.03). There were no significant
differences between the intervention and control conditions on
stress, self-esteem, negative and positive coping, self-efficacy,
or social support variables.

User Satisfaction

Real Talk participants provided higher satisfaction ratings on
a 1 to 5 scae than control condition participants in the 4
principal user experience categories. enjoyment (4.25 vs 3.31,
t,0=7.02, P<.001), presentation (4.30 vs 3.58, t;9;=5.53,
P<.001), held attention (4.07 vs 3.40, t;95=4.43, P<.001), and
clarity (4.39 vs 3.68, t,3,=5.68, P<.001). Real Talk participants

also gave significant higher ratingson a 1 to 7 scale on design
(6.10 vs 4.68, t,5=6.23, P<.001), ease of use (6.07 vs 5.44,

t,66=2.09, P=.003), usefulness (6.36 vs 5.37, t,,=4.65, P<.001),

potential to help people lower their sexual health risks (6.39 vs
5.30, t;70=5.28, P<.001), and learning something new (83.4%

Vs 64.2%, X*,=22.8, P<.001).

Discussion

Main Findings

Our study demonstrates that a technology-delivered sexual
health promotion program (Real Talk) resonateswith black gay
men/MSM and supports self-reflection on sexua health and
relationship issues. The data further support our first 2 study
hypotheses, with Real Talk participants demonstrating, in
comparison with the control condition, less intention to have
risky forms of anal sex with unknown status partnersandto lie
about their status to their partners. These results suggest that
despite a well-documented trend toward decreased concern
about HIV infection and increased sexua risk behaviors in
MSM communities[17,29-32], it is possible to reengage MSM
on HIV prevention issues. This finding is of particular
importance given the results of 2 recent studies that describe
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how black MSM have higher levels of treatment optimism than
men of other race/ethnicities and link these beliefs to increased
sexual risks [33,34].

Nonethel ess, we found no significant differences between Real
Talk and control participants regarding actual risk reduction
practices in the past 6 months. There are several possible
explanations asto why Real Talk did not generate lower sexual
risks. It may be that a onetime, 2-hour intervention is
insufficient to support behavioral change on its own, and that
Real Talk might contribute more effectively to improved sexual
behavioral outcomesif combined with other strategies, including
treatment as prevention modalities [35-37]. A second
interpretation of thelack of sexual behavioral change may relate
to self-presentation and social desirability [38]. Our outcome
study data suggest that Real Talk’s extended discussion of the
benefits and risks of different sexual harm reduction strategies
(eg, serosorting, strategic positioning, and pulling out before
gjaculation), including the relative risk ranking of these
activities, resultsin heightened awareness of therisks associated
with these acts. This realization may make men less willing to
admit that they intend to engage in these practices, apossibility
exacerbated when reporting such findingsin asurvey conducted
at an HIV prevention organization. It is also interesting to note
that despiteits normatively neutral presentation of risk reduction
strategies other than condoms, Real Talk did not cause
participantsto increase their utilization of these strategies, much
as participating in needle exchange programs does not lead to
increased risk or harm, despite public perceptionsto the contrary
[39].

Limitations

This study has several limitations. One concern is the sample
size. Despite monetary compensation and extensive recruitment
and follow-up activities, we did not achieve our target sample
size of 240, and our retention rate of 62% was substantially less
than the 80% to 90% retention rateswe have achieved in similar
outcome studies of eHealth interventions in communities of
color over the past 5 years. In addition, 20% of men reported
having had no male sex partner partners in the past 6 months,
and not all men had sex with positive, negative, and unknown
status partner or practiced both receptive and insertive anal sex.
As aresult, our sample does not support detailed analyses of
the number of times respondents utilized different risk reduction
strategies according to partner HIV status, differencesin risk
reduction strategies based on relationship status and particular
sexual acts (eg, insertive vsreceptive anal sex), and the reasons
men did not use condomswith their most recent sexua partners.
Itis possiblethat with greater power, we would have been able
to detect more nuanced differences in sexua risk behaviors
between the Real Talk and control groups.

A second concern is the study’s reliance on self-reported data
for its outcomes measures—even with computer-administered
instruments, such data may not always accurately capture
respondents’ actual sexual behavior and may include
inconsistent responses [40]. For example, in our study’s post
survey, 88 men reported having more than one male sexual
partner in the past 6 monthsin the opening question of the sexua
history section. Yet, in the concluding sections on the details
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of their last 3 sexual partners, only 50 men reported having had
a second male partner. This difference could be a result of
recollection, but perhaps is more likely a reflection of survey
burnout—after 30-45 minutes, men may have preferred to
respond that they had not had a second or third partner in the
past 6 months to get to the end of the survey more quickly.

A third limitation is our focus on sexual behavior outcomes.
We designed our study in this manner to obtain evidence to
support Real Talk’sinclusionin CDC'sDEBI library. However,
a growing literature demonstrates that black MSM, in
comparison with MSM of other race/ethnicities, have higher
rates of HIV infection due to structural factors (eg, health care
access, culturally component care, and HIV/STI testing rates)
rather than higher levels of sexual risk [41,42]. It is possible
that Real Talk may support men's ability to negotiate such
structural barriers to sexual heslth, but we were unable to
address these dimensionsin our study.

A fourth limitation relates to Real Talk's technological
specifications. Our decision to develop a relatively long and
unidirectional program (ie, each modul€' s content directly builds
on that of preceding modules), rather than a shorter and more
flexible app for mobile phones, was based on the promising
preliminary efficacy findings of the devel opment team’s simiilar,
2-hour computer-delivered versions of the
SISTA/SIHLE/WIiLLOW trilogy [10-12]. At the sametime, our
development team believed that user experience optimization
for a 2-hour long program with extensive video content and
interactive components required desktop or tablet platforms
rather than amobile phone app. Thelack of amobile phone app
version of Real Talk may have limited men’s willingness to
participate in the study and may also limit the ability of
practitionersand black MSM to accessthe programin the future.

Conclusions

In recent years, researchers and policy makers have called for
the expansion of culturally appropriate HIV-related programs,
social marketing campaigns, and health care servicesto address
the elevated HIV ratesin black MSM communities[5,43]. This
study demonstratesthat halistic, harm-reduction-based, eHealth
interventions can reengage men on HIV prevention issues in
the current age of treatment optimism, safer sex burnout, and
multiple risk reduction strategies. This possibility of reaching
black MSM through atechnologically contemporary intervention
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iscritical given that many men meet their sexual partnersusing
the Internet and mobile phone apps [44-46] and increasingly
rely on technology for their health information seeking [47,48].

Seeking to promote program utilization and longevity, we
designed Real Talk to be a flexible tool focused on skills
acquisition, self-reflection, and participant-generated content
that enables men to address emerging sexua health issues
without requiring a major reworking of the intervention. Real
Tak's modular format also facilitates its utilization in
conjunction with a broader array of prevention activities,
including HIV testing and counseling, online outreach, and
community-level programs, and may help addressthe currently
low levelsof PrEP utilization in black MSM communities[17].
In our future research, we are particularly interested in
examining the processes through which interventions produce
changes, including, in the case of Real Talk, the possible
connection between sexual health and experiences with stigma
and intersectionalities.

Our interest in identifying mediating variables and key
intervention components [49,50] stems from the realities of
real-world program implementation, where providers often
combine pieces of evidence-based programming to complement
their existing programs and services rather than implementing
a complete evidence-based intervention. We observed this
dynamic during our outcome study site trainings, where al 4
organizations expressed a desire to integrate parts of both the
face-to-face curriculum and the computer/tablet-delivered
programs into their everyday activities upon the completion of
the study. By examining the connections between outcomes
and real-world utilization patterns, including hybrid formats
that combine face-to-face and technology-delivered activities,
researchers may be ableto identify what might be called health
promotion chunks (on cognitive chunking more generally, see
[51]) that support healthy practices and outcomes in diverse
utilization contexts and populations. The identification of
efficacious health promotion chunks would help inform the
development of an emerging wave of multidirectional, mobile
sexual health appsfor MSM [52-54]. Such products would not
only help support the scaling up of cost-effective HIV
prevention/sexual health promotion in resource-tight
environments, but could provide amodel for health promotion
programs more generally in the Internet age.
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Multimedia Appendix 1
Real Talk content.

[PDE File (Adobe PDF Fil€), 20KB - publichealth_v3i4e78_ appl.pdf ]

Multimedia Appendix 2
Real Talk screenshot 1.

[PNG File, 388KB - publichealth_v3i4e78_app2.PNG ]

Multimedia Appendix 3
Real Talk screenshot 2.

[PNG File, 329KB - publichealth_v3i4e78 app3.PNG ]

Multimedia Appendix 4
Real Talk outcome study flowchart.
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Multimedia Appendix 5
Real Talk outcome study findings.

[PDE File (Adobe PDF File), 42KB - publichealth v3i4e78 app5.pdf ]

References

1.

2.

10.

11.

12.

CDC. HIV among African American gay and bisexual men URL : https.//www.cdc.gov/hiv/group/msm/bmsm.html [accessed
2017-09-17] [WebCite Cache ID 6tYB3Xrsi]

Chen M, Rhodes PH, Hall IH, Kilmarx PH, Branson BM, Valleroy LA, Centersfor Disease Control and Prevention (CDC).
Prevalence of undiagnosed HIV infection among persons aged =13 years--Nationa HIV Surveillance System, United States,
2005-2008. MMWR Suppl 2012 Jun 15;61(2):57-64 [FREE Full text] [Medline: 22695465]

CDC. HIV among African Americans URL : https.//www.cdc.gov/hiv/group/racial ethni c/africanamericans/index.html
[accessed 2017-09-17] [WebCite Cache ID 6tY DtJgl z]

Matthews DD, Herrick AL, Coulter RW, Friedman MR, Mills TC, Eaton LA, POWER Study Team. Running backwards:
consequences of current HIV incidence rates for the next generation of black MSM in the United States. AIDS Behav 2016
Jan;20(1):7-16. [doi: 10.1007/s10461-015-1158-7] [Medline: 26267251]

Maulsby C, Millett G, Lindsey K, Kelley R, Johnson K, Montoya D, et a. HIV among black men who have sex with men
(MSM) inthe United States: areview of theliterature. AIDS Behav 2014 Jan;18(1):10-25. [doi: 10.1007/s10461-013-0476-2]
[Medline: 23620241]

Noar SM. Computer technology-based interventions in HIV prevention: state of the evidence and future directions for
research. AIDS Care 2011 May;23(5):525-533 [ FREE Full text] [doi: 10.1080/09540121.2010.516349] [Medline: 21287420]
Klein C, Lomonaco C. Rea Talk: developing a computer-delivered sexual health program for black men who have sex
with men. AIDS Educ Prev 2016 Dec;28(6):455-471. [doi: 10.1521/aeap.2016.28.6.455] [Medline: 27925486]

Wingood GM, DiClemente RJ. Enhancing adoption of evidence-based HIV interventions: promotion of a suite of HIV
prevention interventions for African American women. AIDS Educ Prev 2006 Aug;18(4 Suppl A):161-170. [doi:

10.1521/aeap.2006.18.supp.161] [Medline: 16987097]
Centers for Disease Control and Prevention. Effectiveinterventions.cdc. 2017. Effective interventions URL: https./

[effectiveinterventions.cdc.gov/ [accessed 2017-09-17] [WebCite Cache ID 6tY EDACS]]

Klein CH, Card JJ. Preliminary efficacy of acomputer-delivered HIV prevention intervention for African American teenage
females. AIDS Educ Prev 2011 Dec;23(6):564-576. [doi: 10.1521/aeap.2011.23.6.564] [Medline: 22201239]

Klein CH, Lomonaco CG, Pavlescak R, Card JJ. WiLLOW: reaching HIV-positive African-American women through a
computer-delivered intervention. AIDS Behav 2013 Nov;17(9):3013-3023 [ FREE Full text] [doi: 10.1007/s10461-013-0479-2]
[Medline: 23625384]

Wingood GM, Card JJ, Er D, Solomon J, Braxton N, Lang D, et a. Preliminary efficacy of acomputer-based HIV intervention
for African-American women. Psychol Health 2011 Feb;26(2):223-234. [doi: 10.1080/08870446.2011.531576] [Medline:
21318931]

http://publichealth.jmir.org/2017/4/e78/ JMIR Public Health Surveill 2017 | val. 3| iss. 4 |€78 | p.123

RenderX

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=publichealth_v3i4e78_app1.pdf&filename=64d9ca7bef23317083fb311e965be189.pdf
https://jmir.org/api/download?alt_name=publichealth_v3i4e78_app1.pdf&filename=64d9ca7bef23317083fb311e965be189.pdf
https://jmir.org/api/download?alt_name=publichealth_v3i4e78_app2.PNG&filename=aaa3d9951bb403fa254a839770a5ba99.PNG
https://jmir.org/api/download?alt_name=publichealth_v3i4e78_app2.PNG&filename=aaa3d9951bb403fa254a839770a5ba99.PNG
https://jmir.org/api/download?alt_name=publichealth_v3i4e78_app3.PNG&filename=cd73574212e180f4f1a59c9795093268.PNG
https://jmir.org/api/download?alt_name=publichealth_v3i4e78_app3.PNG&filename=cd73574212e180f4f1a59c9795093268.PNG
https://jmir.org/api/download?alt_name=publichealth_v3i4e78_app4.JPG&filename=05cb16c40bd141be5435cd4ad82601c5.JPG
https://jmir.org/api/download?alt_name=publichealth_v3i4e78_app4.JPG&filename=05cb16c40bd141be5435cd4ad82601c5.JPG
https://jmir.org/api/download?alt_name=publichealth_v3i4e78_app5.pdf&filename=66662e9bbfc3f484d6c21eeaa3fe33aa.pdf
https://jmir.org/api/download?alt_name=publichealth_v3i4e78_app5.pdf&filename=66662e9bbfc3f484d6c21eeaa3fe33aa.pdf
https://www.cdc.gov/hiv/group/msm/bmsm.html
http://www.webcitation.org/6tYB3Xrsi
http://www.cdc.gov/mmwr/preview/mmwrhtml/su6102a10.htm
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22695465&dopt=Abstract
https://www.cdc.gov/hiv/group/racialethnic/africanamericans/index.html
http://www.webcitation.org/6tYDtJqLz
http://dx.doi.org/10.1007/s10461-015-1158-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26267251&dopt=Abstract
http://dx.doi.org/10.1007/s10461-013-0476-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23620241&dopt=Abstract
http://europepmc.org/abstract/MED/21287420
http://dx.doi.org/10.1080/09540121.2010.516349
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21287420&dopt=Abstract
http://dx.doi.org/10.1521/aeap.2016.28.6.455
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27925486&dopt=Abstract
http://dx.doi.org/10.1521/aeap.2006.18.supp.161
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16987097&dopt=Abstract
https://effectiveinterventions.cdc.gov/
https://effectiveinterventions.cdc.gov/
http://www.webcitation.org/6tYED4CSj
http://dx.doi.org/10.1521/aeap.2011.23.6.564
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22201239&dopt=Abstract
http://europepmc.org/abstract/MED/23625384
http://dx.doi.org/10.1007/s10461-013-0479-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23625384&dopt=Abstract
http://dx.doi.org/10.1080/08870446.2011.531576
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21318931&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Kleinetal

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

Bourne A, Hammond G, Hickson F, Reid D, Schmidt AJ, Weatherburn P, EMIS Network. What constitutes the best sex
life for gay and bisexual men? Implications for HIV prevention. BMC Public Health 2013 Nov 20;13:1083 [FREE Full
text] [doi: 10.1186/1471-2458-13-1083] [Medline: 24256555]

Goldhammer H, Mayer KH. Focusing on sexual health promotion to enhance preventive behaviors among gay men and
other men who have sex with men: report from a state-of-the-art conference. AIDS Behav 2011 Apr;15(Suppl 1):S1-S8.
[doi: 10.1007/s10461-011-9907-0] [Medline: 21350835]

Halkitis PN, Wolitski RJ, Millett GA. A holistic approach to addressing HIV infection disparitiesin gay, bisexual, and
other men who have sex with men. Am Psychol 2013;68(4):261-273. [doi: 10.1037/a0032746] [Medline: 23688093]
Herrick AL, Lim SH, Wei C, Smith H, Guadamuz T, Friedman M S, et al. Resilience as an untapped resource in behavioral
intervention design for gay men. AIDS Behav 2011 Apr;15(Suppl 1):S25-S29. [doi: 10.1007/s10461-011-9895-0] [Medline:
21344306]

Calabrese SK, Earnshaw VA, Underhill K, Hansen NB, Dovidio JF. Theimpact of patient race on clinical decisionsrelated
to prescribing HIV pre-exposure prophylaxis (PrEP): assumptions about sexual risk compensation and implications for
access. AIDS Behav 2014 Feb;18(2):226-240 [FREE Full text] [doi: 10.1007/s10461-013-0675-x] [Medline: 24366572]
McFarland W, Chen Y H, Raymond HF, Nguyen B, Colfax G, Mehrtens J, et al. HIV seroadaptation among individuals,
within sexual dyads, and by sexual episodes, men who have sex with men, San Francisco, 2008. AIDS Care 2011
Mar;23(3):261-268 [FREE Full text] [doi: 10.1080/09540121.2010.507748] [Medline: 21347888]

Wilton L, Koblin B, Nandi V, Xu G, Latkin C, Seal D, et al. Correlates of seroadaptation strategies among black men who
have sex with men (MSM) in 4 US cities. AIDS Behav 2015 Dec;19(12):2333-2346 [EREE Full text] [doi:
10.1007/s10461-015-1190-z] [Medline: 26363789]

Harmreduction. Principlesof harm reduction URL : http://harmreduction.org/about-us/princi ples-of -harm-reduction/ [accessed
2017-09-17] [WebCite Cache ID 6tY ET9SIH]

Raymond HF, McFarland W. Racial mixing and HIV risk among men who have sex with men. AIDS Behav 2009
Aug;13(4):630-637 [FREE Full text] [doi: 10.1007/s10461-009-9574-6] [Medline: 19479369]

Wei C, Raymond HF, Guadamuz TE, Stall R, Colfax GN, Snowden JM, et al. Racial/ethnic differences in seroadaptive
and serodisclosure behaviors among men who have sex with men. AIDS Behav 2011 Jan;15(1):22-29. [doi:
10.1007/s10461-010-9683-2] [Medline: 20217468]

Wingood GM, DiClemente RJ, Mikhail I, Lang DL, McCree DH, Davies SL, et a. A randomized controlled trial to reduce
HIV transmission risk behaviors and sexually transmitted diseases among women living with HIV: the WiLLOW program.
JAcquir Immune Defic Syndr 2004 Oct 01;37(Suppl 2):S58-S67. [Medline: 15385901]

DiClemente RJ, Wingood GM, Harrington KF, Lang DL, Davies SL, Hook 111 EW, et a. Efficacy of an HIV prevention
intervention for African American adolescent girls: arandomized controlled trial. JAm Med Assoc 2004 Jul
14;292(2):171-179. [doi: 10.100V/jama.292.2.171] [Medline: 15249566]

Wei C, McFarland W, Colfax GN, Fugua V, Raymond HF. Reaching black men who have sex with men: a comparison
between respondent-driven sampling and time-location sampling. Sex Transm Infect 2012 Dec;88(8):622-626 [ FREE Full
text] [doi: 10.1136/sextrans-2012-050619] [Medline: 22750886]

Rosenberg M. Rosenberg self-esteem scale (RSE). In: Acceptance and Commitment Therapy. Measures Package.
Woolongong, Australia: University of Wollongong; 1965:61.

Folkman S, Lazarus RS. Ways of Coping Questionnaire. Palo Alto, CA: Consulting Psychol ogists Press; 1988.

Cheek JM, Smith S, Tropp LR. Relational identity orientation: afourth scale for the A1Q. 2002 Presented at: Society for
Personality and Social Psychology; February 2002; Savannah, GA URL: https.//www.researchgate.net/profile/
Jonathan_Cheek/publication/267038939. %20

Chen Y. Treatment-related optimistic beliefs and risk of HIV transmission: areview of recent findings (2009-2012) in an
era of treatment as prevention. Curr HIVV/AIDS Rep 2013 Mar;10(1):79-88 [FREE Full text] [doi:
10.1007/s11904-012-0144-6] [Medline: 23239272]

Grov C, Whitfield TH, RendinaHJ, Ventuneac A, Parsons JT. Willingness to take PrEP and potential for risk compensation
among highly sexually active gay and bisexual men. AIDS Behav 2015 Dec;19(12):2234-2244 [FREE Full text] [doi:
10.1007/s10461-015-1030-1] [Medline: 25735243]

Rowniak S. Safe sex fatigue, treatment optimism, and serosorting: new challengesto HIV prevention among men who have
sex with men. J Assoc Nurses AIDS Care 2009 Jan;20(1):31-38. [doi: 10.1016/j.jana.2008.09.006] [Medline: 19118769]
Kalichman SC, Price D, Eaton LA, Burnham K, Sullivan M, Finneran S, et a. Diminishing perceived threat of AIDS and
increasing sexual risks of HIV among men who have sex with men, 1997-2015. Arch Sex Behav 2017 May;46(4):895-902.
[doi: 10.1007/s10508-016-0934-9] [Medline: 28168543]

Vosvick M, Fritz S, Henry D, Prybutok V, Sheu S, Poe J. Correlates and racial/ethnic differences in bareback sex among
men who have sex with men with unknown or negative HIV serostatus. AIDS Behav 2016 Dec;20(12):2798-2811. [doi:
10.1007/s10461-016-1366-1] [Medline: 26983950]

Levy ME, Phillips 2nd G, Magnus M, Kuo I, Beauchamp G, Emel L, et al. A longitudinal analysis of treatment optimism
and HIV acquisition and transmission risk behaviors among black men who have sex with menin HPTN 061. AIDS Behav
2017;21(10):2958-2972. [doi: 10.1007/s10461-017-1756-z] [Medline: 28352984]

http://publichealth.jmir.org/2017/4/e78/ JMIR Public Health Surveill 2017 | vol. 3| iss. 4 |€78 | p.124

(page number not for citation purposes)


https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-13-1083
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-13-1083
http://dx.doi.org/10.1186/1471-2458-13-1083
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24256555&dopt=Abstract
http://dx.doi.org/10.1007/s10461-011-9907-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21350835&dopt=Abstract
http://dx.doi.org/10.1037/a0032746
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23688093&dopt=Abstract
http://dx.doi.org/10.1007/s10461-011-9895-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21344306&dopt=Abstract
http://europepmc.org/abstract/MED/24366572
http://dx.doi.org/10.1007/s10461-013-0675-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24366572&dopt=Abstract
http://europepmc.org/abstract/MED/21347888
http://dx.doi.org/10.1080/09540121.2010.507748
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21347888&dopt=Abstract
http://europepmc.org/abstract/MED/26363789
http://dx.doi.org/10.1007/s10461-015-1190-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26363789&dopt=Abstract
http://harmreduction.org/about-us/principles-of-harm-reduction/
http://www.webcitation.org/6tYET9SlH
http://europepmc.org/abstract/MED/19479369
http://dx.doi.org/10.1007/s10461-009-9574-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19479369&dopt=Abstract
http://dx.doi.org/10.1007/s10461-010-9683-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20217468&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15385901&dopt=Abstract
http://dx.doi.org/10.1001/jama.292.2.171
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15249566&dopt=Abstract
http://europepmc.org/abstract/MED/22750886
http://europepmc.org/abstract/MED/22750886
http://dx.doi.org/10.1136/sextrans-2012-050619
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22750886&dopt=Abstract
https://www.researchgate.net/profile/Jonathan_Cheek/publication/267038939._%20
https://www.researchgate.net/profile/Jonathan_Cheek/publication/267038939._%20
http://europepmc.org/abstract/MED/23239272
http://dx.doi.org/10.1007/s11904-012-0144-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23239272&dopt=Abstract
http://europepmc.org/abstract/MED/25735243
http://dx.doi.org/10.1007/s10461-015-1030-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25735243&dopt=Abstract
http://dx.doi.org/10.1016/j.jana.2008.09.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19118769&dopt=Abstract
http://dx.doi.org/10.1007/s10508-016-0934-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28168543&dopt=Abstract
http://dx.doi.org/10.1007/s10461-016-1366-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26983950&dopt=Abstract
http://dx.doi.org/10.1007/s10461-017-1756-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28352984&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Kleinetal

35.

36.

37.

38.

39.

40.

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

52.

53.

Gunthard HF, Sasag MS, Benson CA, del Rio C, Eron JJ, Gallant JE, et al. Antiretroviral drugsfor treatment and prevention
of HIV infection in adults: 2016 recommendations of the International Antiviral Society-USA Panel. JAm Med Assoc
2016 Jul 12;316(2):191-210 [FREE Full text] [doi: 10.1001/jama.2016.8900] [Medline: 27404187]

Young I, McDaid L. How acceptable are antiretroviralsfor the prevention of sexually transmitted HIV ?: areview of research
on the acceptability of oral pre-exposure prophylaxis and treatment as prevention. AIDS Behav 2014 Feb;18(2):195-216
[FREE Full text] [doi: 10.1007/s10461-013-0560-7] [Medline: 23897125]

McNairy ML, El-Sadr WM. A paradigm shift: focus on the HIV prevention continuum. Clin Infect Dis 2014 Jul;59(Suppl
1):S12-S15 [FREE Full text] [doi: 10.1093/cid/ciu251] [Medline: 24926026]

Krumpal |. Determinants of social desirability biasin sensitive surveys: aliterature review. Qual Quant 2013;47(4):2025-2047.
[doi: 10.1007/s11135-011-9640-9]

Wodak A, Cooney A. Effectiveness of sterile needle and syringe programmes. Int J Drug Policy 2005;16S:S31-$44. [doi:
10.1016/j.drugpo.2005.02.004]

DiClemente RJ, Swartzendruber AL, Brown JL. Improving the validity of self-reported sexual behavior: no easy answers.
Sex Transm Dis 2013 Feb;40(2):111-112 [FREE Full text] [doi: 10.1097/0OL Q.0b013e3182838474] [Medline: 23321991]
Millett GA, Flores SA, Peterson JL, Bakeman R. Explaining disparitiesin HIV infection among black and white men who
have sex with men: ameta-analysis of HIV risk behaviors. AIDS 2007 Oct 01;21(15):2083-2091. [doi:
10.1097/QAD.0b013e3282e9a64b] [Medline: 17885299]

Millett GA, Peterson JL, Flores SA, Hart TA, Jeffries WL, Wilson PA, et al. Comparisons of disparities and risks of HIV
infection in black and other men who have sex with men in Canada, UK, and USA: ameta-analysis. Lancet 2012 Jul
28;380(9839):341-348. [doi: 10.1016/S0140-6736(12)60899-X] [Medline: 22819656]

Holtgrave DR, Kim JJ, Adkins C, Maulsby C, Lindsey KD, Johnson KM, et a. Unmet HIV service needs among black
men who have sex with men in the United States. AIDS Behav 2014 Jan;18(1):36-40. [doi: 10.1007/s10461-013-0574-1]
[Medline: 23892769]

Whitfield DL, Kattari SK, Walls NE, Al-Tayyib A. Grindr, scruff, and on the hunt: predictors of condomless anal sex,
Internet use, and mabile application use Among Men Who Have Sex With Men. Am JMensHealth 2017 May; 11(3):775-784.
[doi: 10.1177/1557988316687843] [Medline: 28134002]

Grov C, Bresow AS, Newcomb ME, Rosenberger JG, Bauermeister JA. Gay and bisexual men's use of the Internet: research
from the 1990s through 2013. J Sex Res 2014;51(4):390-409 [FREE Full text] [doi: 10.1080/00224499.2013.871626]
[Medline: 24754360]

Eaton LA, Maksut JL, Gamarel KE, Siembida EJ, Driffin DD, Baldwin R. Online sex partner meeting venues as a risk
factor for testing HIV positive among a community-based sample of black men who have sex with men. Sex Transm Dis
2016 Jun;43(6):360-364. [doi: 10.1097/0OL Q.0000000000000454] [Medline: 27200520]

Dahlhamer JM, Galinsky AM, Joestl SS, Ward BW. Sexual orientation and health information technol ogy use: anationally
representative study of USadults. LGBT Health 2017 Apr;4(2):121-129. [doi: 10.1089/1gbt.2016.0199] [Medline: 28287875]
Rose ID, Friedman DB, Spencer SM, Annang L, Lindley LL. Health information—seeking practices of African American
young men who have sex with men. Youth Soc 2013 Jun 20;48(3):344-365. [doi: 10.1177/0044118X13491769]
Montanaro EA, Bryan AD. Comparing theory-based condom interventions: health belief model versus theory of planned
behavior. Health Psychol 2014 Oct;33(10):1251-1260. [doi: 10.1037/a0033969] [Medline: 23977877]

Rotheram-Borus MJ, Swendeman D, Becker KD. Adapting evidence-based interventions using acommon theory, practices,
and principles. J Clin Child Adolesc Psychol 2014;43(2):229-243 [FREE Full text] [doi: 10.1080/15374416.2013.836453]
[Medline: 24079747]

Gobet F, Lane PC, Croker S, Cheng PC, Jones G, Oliver I, et a. Chunking mechanismsin human learning. Trends Cogn
Sci 2001 Jun 01;5(6):236-243. [Medline: 11390294]

Sullivan PS, Driggers R, Stekler D, Siegler A, Goldenberg T, McDougal SJ, et a. Usability and acceptability of amobile
comprehensive HIV prevention app for men who have sex with men: apilot study. IMIR Mhealth Uhealth 2017 Mar
09;5(3):€26 [FREE Full text] [doi: 10.2196/mhealth.7199] [Medline: 28279949]

Mitchell JW, TorresMB, Joe J, Danh T, Gass B, Horvath KJ. Formative work to develop atailored HIV testing smartphone
app for diverse, at-risk, HI'V-negative men who have sex with men: afocus group study. IMIR Mhealth Uhealth 2016 Nov
16;4(4):€128 [FREE Full text] [doi: 10.2196/mhealth.6178] [Medline: 27852558]

Goldenberg T, McDougal SJ, Sullivan PS, Stekler JD, Stephenson R. Preferencesfor amobile HIV prevention app for men
who have sex with men. IMIR Mhealth Uhealth 2014 Oct 29;2(4):e47 [FREE Full text] [doi: 10.2196/mhealth.3745]
[Medline: 25355249]

Abbreviations

ART: antiretroviral therapy

CDC: Centersfor Disease Control and Prevention
DEBI: Diffusion of Effective Behavioral Interventions
GHB: gamma-hydroxybutyric acid

http://publichealth.jmir.org/2017/4/e78/ JMIR Public Health Surveill 2017 | vol. 3| iss. 4 |€78 | p.125

(page number not for citation purposes)


http://europepmc.org/abstract/MED/27404187
http://dx.doi.org/10.1001/jama.2016.8900
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27404187&dopt=Abstract
http://europepmc.org/abstract/MED/23897125
http://dx.doi.org/10.1007/s10461-013-0560-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23897125&dopt=Abstract
http://europepmc.org/abstract/MED/24926026
http://dx.doi.org/10.1093/cid/ciu251
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24926026&dopt=Abstract
http://dx.doi.org/10.1007/s11135-011-9640-9
http://dx.doi.org/10.1016/j.drugpo.2005.02.004
http://europepmc.org/abstract/MED/23321991
http://dx.doi.org/10.1097/OLQ.0b013e3182838474
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23321991&dopt=Abstract
http://dx.doi.org/10.1097/QAD.0b013e3282e9a64b
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17885299&dopt=Abstract
http://dx.doi.org/10.1016/S0140-6736(12)60899-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22819656&dopt=Abstract
http://dx.doi.org/10.1007/s10461-013-0574-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23892769&dopt=Abstract
http://dx.doi.org/10.1177/1557988316687843
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28134002&dopt=Abstract
http://europepmc.org/abstract/MED/24754360
http://dx.doi.org/10.1080/00224499.2013.871626
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24754360&dopt=Abstract
http://dx.doi.org/10.1097/OLQ.0000000000000454
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27200520&dopt=Abstract
http://dx.doi.org/10.1089/lgbt.2016.0199
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28287875&dopt=Abstract
http://dx.doi.org/10.1177/0044118X13491769
http://dx.doi.org/10.1037/a0033969
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23977877&dopt=Abstract
http://europepmc.org/abstract/MED/24079747
http://dx.doi.org/10.1080/15374416.2013.836453
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24079747&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11390294&dopt=Abstract
http://mhealth.jmir.org/2017/3/e26/
http://dx.doi.org/10.2196/mhealth.7199
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28279949&dopt=Abstract
http://mhealth.jmir.org/2016/4/e128/
http://dx.doi.org/10.2196/mhealth.6178
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27852558&dopt=Abstract
http://mhealth.jmir.org/2014/4/e47/
http://dx.doi.org/10.2196/mhealth.3745
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25355249&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Kleinetal

M SM: men who have sex with men

PrEP: pre-exposure prophylaxis

SIHLE: Sisters Informing Healing Living and Empowering
SISTA: Sisters Informing Sisters about Topics on AIDS

STI: sexually transmitted infections

WiLL OW: Women Involved in Life Learning from Other Women

Edited by G Eysenbach; submitted 27.04.17; peer-reviewed by L Nguyen, J Maksut; comments to author 01.06.17; revised version
received 11.07.17; accepted 09.08.17; published 24.10.17.

Please cite as:

Klein CH, Kuhn T, Huxley D, Kennel J, Withers E, Lomonaco CG

Preliminary Findings of a Technology-Delivered Sexual Health Promotion Program for Black Men Who Have Sex With Men:
Quasi-Experimental Outcome Study

JMIR Public Health Surveill 2017;3(4):e78

URL: http://publichealth.jmir.org/2017/4/e78/

doi:10.2196/publichealth.7933

PMID: 29066422

©CharlesH Klein, TamaraKuhn, Danielle Huxley, Jamie Kennel, Elizabeth Withers, Carmela G Lomonaco. Originally published
in IMIR Public Health and Surveillance (http://publichealth.jmir.org), 24.10.2017. Thisis an open-access article distributed under
the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in IMIR Public Health and
Surveillance, is properly cited. The complete bibliographic information, a link to the origina publication on
http://publichealth.jmir.org, as well as this copyright and license information must be included.

http://publichealth.jmir.org/2017/4/e78/ JMIR Public Health Surveill 2017 | val. 3| iss. 4 |€78 | p.126
(page number not for citation purposes)

RenderX


http://publichealth.jmir.org/2017/4/e78/
http://dx.doi.org/10.2196/publichealth.7933
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29066422&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Nunn et al

Original Paper

Examining E-Loyalty in a Sexual Health Website: Cross-Sectional
Study

Alexandra Nunn', MPH; Rik Crutzen?, PhD; Devon Haag', MSc; Cathy Chabot®, MA; Anna Carson®, MSc; Gina
Ogilvie"**, DrPH, MD; Jean Shoveller®, PhD; Mark Gilbert**, MHSc, MD

IClinical Prevention Services, British Columbia Centre for Disease Control, Vancouver, BC, Canada

2Department of Health Promotion, CAPHRI School for Public Health and Primary Care, Maastricht University, Maastricht, Netherlands
3school of Population and Public Health, University of British Columbia, Vancouver, BC, Canada

“Women's Health Research Institute, BC Women's Hospital and Health Centre, Vancouver, BC, Canada

Corresponding Author:

Mark Gilbert, MHSc, MD

Clinical Prevention Services

British Columbia Centre for Disease Control
655 W 12th Ave

Vancouver, BC

Canada

Phone: 1 6047075615

Fax: 1 6047075604

Email: mark.gilbert@bccdc.ca

Abstract

Background: Web-based sexual health resources are typically evaluated in terms of their efficacy. Information is lacking about
how sexual health promotion websites are perceived and used. It is essential to understand website use to address challenges with
adherence and attrition to Web-based health interventions. An existing theoretical framework for examining loyalty to electronic
health (eHealth) interventions has been not yet been applied in the context of sexual health promotion nor has the association
between e-loyalty and intended intervention efficacy outcomes been investigated.

Objective: The objectives of this study were to investigate users' loyalty toward a sexual health website (ie, e-loyalty), measure
user perceptions of the website, and measure the association between e-loyalty and perceived knowledge increase and intent to
change behavior.

Methods: Over 4 months, website users (clients and health care providers) participated in an open, online, cross-sectional survey
about their user experiences that measured e-loyalty, user perceptions, and intended website efficacy outcomes. Relationships
between user perceptions and e-loyalty were investigated using structural equation modeling (SEM). Associations between
e-loyalty and website efficacy outcomes were tested using Spearman rank correlation.

Results: A total of 173 participants completed user perception questions and were included in the analysis. E-loyalty was high
for both clients and providers and was significantly correlated with clients’ perceived knowledge increase (p(171)=.30, P<.001),
their intent to have safer sex (p(171)=.24, P=.01), and their intent to get tested for sexually transmitted infections (p(171)=.37,
P<.001). The SEM showed that trustworthiness, overall experience, activetrust, and effectivenesswere directly related to e-loyalty.
Finding the website “easy to understand” was significantly related to active trust (ie, participants’ willingness to act upon
information presented on the website).

Conclusions. E-loyalty may be related to the efficacy of the selected website in improving one’'s sexual health and was
significantly associated with all three intended knowledge and behavioral outcomes. To increase e-loyalty, trustworthiness and
activetrust areimportant user perceptionsto deliberately engender. Our findingsindicate that understanding awebsite contributes
to active trust, thereby highlighting the importance of considering eHealth literacy in designing health promotion websites. Our
study confirms the relevance of e-loyalty as an outcome for evaluating the antecedents of the use and efficacy of online public
health interventions across disciplines by adapting and validating an existing e-loyalty framework to the field of sexual health
promotion. Our findings suggest that e-loyalty is positively associated with measures of website efficacy, including increased
knowledge and intent to change behavior. Longitudinal research with larger samples could further investigate the relationships
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between e-loyalty, website understandability, and outcomes of online health interventions to determine how the manipulation of
website characteristics may impact user perceptions and e-loyalty.

(JMIR Public Health Surveill 2017;3(4):e75) doi:10.2196/publichealth.5393
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Introduction

Background

Web-based resources for sexual health promotion, including
the resources on prevention of sexually transmitted infections
(STls) and human immunodeficiency virus (HIV), have been
accessible for over 15 years, by virtue of the advantage of the
Internet to deliver personal or tailored sexual health information
to large audiences [1]. Web-based sexual health resources are
easily accessible, can be accessed anonymously, and can be
visited repeatedly and at convenient times [2,3]. Although
barriersto accessing Web-based sexua health interventions (eg,
low income, low education or geographic remoteness) persist
in Canada, the digital divide is continuously closing [4].
Increasingly, focusisturning to Web-based sexual resourcesto
reach groups at high risk for STIsand HIV, such as youth and
men who have sex with men (MSM) [5] as Web-based resources
can uniquely provide sexual health information that is relevant
and free of prejudice to users regardless of their gender, age,
sexual orientation, and location [6,7].

Web-based sexual health resources are typically evaluated in
terms of their efficacy, for example, using randomized controlled
trial sto assess self-reported outcomes before and after exposure
to the intervention [8,9]. However, a new pragmatic field of
research has been emerging to focus on the use of health
interventions, which seeksto understand why individualsin the
genera public choose to engage with and remain loyal to a
particular website [10]. Studying website use is particularly
important because attrition and low usage are fundamental
challenges to Web-based interventions and the low threshold
to participate makes it easy for users to leave [11]. E-loyalty,
or loyalty to a website, is a well-described concept in
e-commerce that pertains to users’ behavioral intent, such as
the intention to buy a product online from one website rather
than another or theintention to return to awebsitein the future
[12]. Models of the cognitive elementsrel ated to e-loyalty from
the e-commerce field have recently been applied and validated
in the field of eHealth [13,14]. Understanding how users
perceptions of awebsite contribute to e-loyalty isimportant for
the design of websites and for establishing trust and eliciting
repeat visits with the objective of delivering impactful public
health interventions that ultimately will lead to better health
outcomes for users[13,14].

A theoretical framework to conceptually define e-loyalty and
its antecedents for public health interventions was devel oped
by Crutzen et a (2011) and has been applied to websites in
health domains, including cancer patient education, mental
health and addictions, and injury prevention [13]. This study
applies the e-loyalty framework to sexua health, based on a
Canadian provincia sexua health websitethat is devel oped and

http://publichealth.jmir.org/2017/4/€75/

managed by the British Columbia Centre for Disease Control
(BCCDC). SmartSexResource (SSR) is an open website (ie, no
username or password required) with both interactive and static
features, comprising content for both individual s seeking sexual
health information (clients) and health care professionals
(providers) [15]. Users can access pages for specific topics,
input their postal code or city and search for clinics based on
their services and opening hours, and interact with ahealth care
provider by chatting with a nurse during specified hours or by
submitting an anonymous question to which a nurse responds
in a private email or via a public posting. One of the main
objectives of SSRistoincreasevisitors' satisfaction with sexual
health services in British Columbia and improve the visitor
experience by engendering perceptions of confidentiality and
trustworthiness—concepts well aligned with the e-loyalty
framework.

Theoretical Framewor k

The study employed an e-loyaty framework for health
interventions, put forth by Crutzen et al, which involves
measuring user perceptions of a website that contribute to the
outcome measures of e-loyalty (ie, intention to visit the site
again and recommending a website to others). The e-loyalty
concept maintains that a positive user experience leads to
increased website use [13]. See Table 1 for the constructs that
comprise the e-loyalty framework.

Given the sensitive and personal nature of sexual health topics,
and the fact that visitorsto SSR often submit questionsthat are
motivated by uncertainty or fear and related to personal sexual
experiences, we modified the e-loyalty framework by removing
a previously validated component called “enjoyment” and
substituting a question to reflect the overall experience of the
website.

Furthermore, our study included a measure of visitors
understanding of the website, acknowledging the importance
of considering eHealth literacy in the online presentation of
health information. The term “eHealth literacy” is defined as
“the ahility to seek, find, understand, and appraise health
information from electronic sources and apply the knowledge
gained to addressing or solving ahealth problem” [16]. Existing
components of the e-loyalty framework can be considered to
reflect eHealth literacy (eg, the questions about efficiency and
effectiveness measure “information literacy,” one of the six
components of eHealth literacy, which involves the ability to
navigate resources, search strategically, and filter resultsto find
relevant information). Therefore, we decided to include
“understanding” asan additional user perceptioninour analysis
of e-loyalty. Understanding was measured on a 7-point Likert
scale, in which respondents rated their agreement with the
statement, “1 found the information easy to understand.”
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In summary, we sought to measure the e-loyalty of visitors to
SSR and determine how the e-loyalty framework applies to
sexual health promotion. We also explored how understanding
fits within the e-loyalty framework and whether e-loyalty was
associated with self-reported knowledge and behavior changes
following the use of SSR.

Methods

Study Design and Recruitment

We administered across-sectional online survey to SSR visitors
between April and August 2014. The aim of the survey was to
learn about the experiences and perceptions of visitorswho use
SSR as a resource for Web-based sexual health information.
Participants were recruited either from abanner ad on the SSR
homepage or through an email invitation to health care providers
who subscribed to an SSR email distribution list. The survey
was an open survey, available to all visitors of the SSR website
regardless of their location [17]; however, given the focus of
SSR on providing information relevant to Canadians and the
residents of British Columbia in particular, we provided an
incentive to oversample Canadian participants (entered into a
draw for one of two mini tablet computers if they had a
Canadian postal code).

Table 1. E-loyalty user perceptions.

Nunn et al

Survey Description

The user perception questions were located midway through
the 31-item survey, with demographic questions at the end. At
the start, participants were classified by visitor type (either
“client” or “provider”) based on their response to initial
guestions assessing whether they were visiting SSR for work
or for personal reasons. Adaptive questioning was used to tail or
guestions to each group. Although prior e-loyalty research has
employed 2 to 3 items per user perception, we used a single
item per user perception, given the internal structure in prior
research and the conceptual robustness of the user perceptions
that have now been validated in multiple eHealth fields, aswell
as adesire to minimize survey length [13,14].

The user perception questions were followed by 3 questions
pertaining to behavioral and knowledge outcomes of visiting
the website. Clients and providers both reported whether their
knowledge about STIsor sexual health had increased asaresult
of visiting SSR, and only clients reported whether they were
more likely to have safer sex and get tested for HIV and STls.
All of the aforementioned outcomes were measured by
presenting participants with a statement to which they reported
their level of agreement on a 7-point Likert scale (strongly
disagree to strongly agree). The survey questions included in
this study are described in Table 1.

Model Explanation

Survey item?

User perceptionsderived from Crutzen et al
[10]

Intention to visit again (return)
Recommend to others

Effectiveness

Efficiency

Trustworthiness

Active trust
mation

User perceptionsadded in this study

Overall experience

Understanding
Behavioral and knowledge outcomes

Knowledge increase

Behavioral intent #1

Behavioral intent #2

Quality and relevance of the information

Easy search of and access to information

Believability of the provided information

Confidencein acting on the provided infor-

Positive perception of the website

| would use this website again.
| would recommend this website to others.

The website provided me with relevant information
about sexua health.

| was able to access the information quickly on this
website.

| trusted the information presented on this website.

I would act upon the information presented on this
website.

Based on today’s visit, how would you rate your SSR
experience overall? (7-point Likert scale from very
poor to very good)

| found the information easy to understand.

Asaresult of visiting SmartSexResource, my knowl-
edge about STIs or sexual health has increased.

Asaresult of visiting SmartSexResource, | am more
likely to have safer sex.

Asaresult of visiting SmartSexResource, | am more
likely to get tested for HIVP or STISE.

3Unless otherwise specified, the question was answered on a 7-point Likert scale from strongly disagree (1) to strongly agree (7).

BH1V: human immunodefici ency virus.
CSTls: sexually transmitted infections.
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Table 2. Sample characteristics for SmartSexResource visitor survey 2014, n=173.

Characteristic Clients Providers Total
(N=131) (N=42)
n (%)° n (%)° n (%)°
Age, inyears
<20 16 (15) 1(3) 17 (12)
20-29 41 (38) 8(21) 49 (34)
30-39 22 (21) 10 (26) 32(22)
40-49 11(10) 10 (26) 21 (14)
>50 17 (16) 9(24) 26 (18)
Total® 107 38 145
Gender identity
Female (woman) 55 (58) 31(82) 86 (65)
Male (man) 38 (40) 5(13) 43(32)
Transgender 2(2) 0(0) 2(2)
Genderqueer 0(0) 2(5) 2(2)
Total® 95 38 133
Education
Primary 5(5) 0(0) 5@
Secondary 28 (26) 1(3) 29 (20)
College or university 59 (55) 21 (54) 80 (54)
Graduate level 16 (15) 17 (43) 33(22)
Total® 108 39 147
L ocation
Canada 97 (74) 39 (95) 136 (79)
I nternational 34 (26) 2(5) 36 (21)
Total® 131 i 172

#Total represents the data available (ie, excluding missing values) or number of respondents to the survey question.
bPercentage is the proportion of respondents who answered the survey question (ie, excluding missing values).

The survey was pilot-tested and revised to make the majority
of questions optional. Mandatory questions were limited to 2
guestions that oriented clients and health care providers to
slightly different survey streams (eg, providers were not asked
about their intentions to change sexual health behaviors) [17].

Additional survey domains included frequency and purpose of
visiting SSR, use of other sexual health information sources,
use of or preference for particular features of SSR, and sexual
identity.

Analysis

We used chi-squared tests (Fisher exact tests where cell counts
were less than 5) to determine significant differences between
respondents who compl eted the e-loyalty section and those who
did not (and thus were excluded from further anaysis).
Respondents' location was determined by triangulating data
from the Fluidsurveys software, Piwik Open Analytics Platform

http://publichealth.jmir.org/2017/4/€75/

website metrics software, and respondents self-reported
location.

Summary measures of user perceptionswere reported using the
mean to describe the average rating on a 7-point Likert scale.
Differences in e-loyalty and user perceptions by respondent
characteristics were determined by the Wilcoxon rank-sum test
asthe datawere non-normal. Accordingly, associations between
e-loyalty and knowledge and behaviora intent outcomes were
measured using a nonparametric measure of association,
Spearman p (rho; two-tailed).

The relationships between user perceptions and e-loyalty were
investigated through structural equation modeling (SEM), using
MPlusV7.2 software (Muthén & Muthén) . Covariatesin model
building included education, gender, and visitor type (ie, client
or provider). The model was built to optimize fit indices,
including the comparative fit index (CFI), Tucker-Lewis Index
(TLI), and root mean squared error of approximation (RMSEA).
Because the two e-loyalty outcomes “recommend to others”
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and “intention to visit again” were highly correlated
(p(171)=.77, P<.001), we used the mean of the two outcome
measures to represent overall e-loyalty.

Results

Respondents

During the 4-month study period, the mean number of unique
visitors per day was 879 (range: 571-1209), of which the mean
number of returning visitors was 146 per day (range: 80-227).
In total, 501 unique survey responses were received. Of those,
37 responses (7.4%; 37/501) were from Internet Protocol (1P)
addresses associated with two or more survey responses. The
majority of respondents (96.4%; 483/501) accessed the survey
through a banner ad on SSR; the rest (3.6%; 18/501) followed
an email link. In total, 173 respondents (34.5%; 173/501)
completed all eloyalty questions and were included in the
analysis. Participants completing the e-loyalty questions were
more likely to be health care providers (67% [42/63] vs 30.0%

[131/438] of clients, n=501, x*=31.3, P<.001), self-reported
returning visitors to the site (73% [52/71] vs 45.6% [121/265]
of first-time visitors, n=336, x*,=17.1, P<.001), female or
woman (99% [86/87] vs 78% [47/60] of other gender identities,
n=147, x>,=17.4, P<.001), and Canadians (47.4% [136/287] vs

17.1% [36/210] of non-Canadians, n=497, X21:49.0, P<.001).
Completion of the e-loyalty section was not significantly
associated with age or level of education. The final sample for
the analysis comprised 131 clients (75.7%; 131/173) and 42
health care providers (24.3%; 42/173), of which 30.1% (52/173)
in total werereturning visitorsto the site. The sample of clients
represented youth younger than 20 years (15.0%; 16/107) and
MSM (10.8%; 12/111, data not shown)—nhigh-risk groups that
are key target audiences for the website. For a description of
participants, see Table 2.

Nunn et al

E-L oyalty Outcome

The average e-loyalty score was high for both clients (mean
5.62) and providers (mean 6.52). Visitors returning to the site
had higher mean e-loyalty scores than first-time visitors (6.48
vs 5.61, n=170, W=1390.5, P<.01). For clients and providers
combined, the highest rated user perception was
“understanding,” with a mean rating of 6.01, followed by
“trustworthiness’ (mean: 5.99) and “ active trust” (mean: 5.97).
Providers consistently gave higher ratings for all user
perceptions and both e-loyalty measures (Table 3). Among
clients and providers combined, e-loyalty was most highly
correlated with active trust (p=.79) and trustworthiness (p=.79),
followed by understanding (p=.69). See Table 4.

Knowledge and Behavior Outcomes

After visiting the site, 71% of respondents reported that their
knowledgeincreased. The mgjority of clientsreported that after
visiting SSR, they were more likely to have safer sex (58%)
and get tested for HIV and STls (61%); health care providers
were not asked these 2 behavioral questions. All three outcome
measures were significantly associated with higher e-loyalty
scores. For al respondents, e-loyalty was positively correlated
with perceived knowledge increase (p(171)=.30, P<.001). For
clients, e-loyalty was positively correlated with both intent to
have safer sex (p(171)=.24, P=.01) and intent to get tested for
STls (p(171)=.37, P<.001).

User Perceptionsand E-L oyalty

Our SEM tested the rel ationships between user perceptionsand
e-loyalty, the effect of understanding and trustworthiness on
activetrust, and the effect of gender, visitor type, and education
on e-loyalty. The fina model had adequate acceptable fit
according to fit indices, with a CFl of 0.95, TLI of 0.92, and
RMSEA of 0.06 (90% CI 0.03-0.09) [18]. The SEM developed
toidentify relationships between user perceptionsand e-loyalty
isshown in Figure 1 (output is shared in Multimedia Appendix
1). The variance in e-loyalty was well explained by the model

(R?=.76).

Table 3. Summary of outcome and user perception ratings for SmartSexResource visitor survey 2014.

Measure Mean rating by visitor type (scale: 1-79)
Client (n=131) Provider (n=42) P value
Outcomes
E-loyalty 5.62 6.52 <.001
Return 5.78 6.51 <.001
Recommend 5.50 6.54 <.001
User perceptions
Overdll 5.59 6.14 .004
Effectiveness 5.78 6.17 .008
Efficiency 573 5.98 15
Understanding 5.85 6.50 <.001
Trustworthiness 5.78 6.64 <.001
Active trust 5.79 6.52 <.001

35cale: 1=strongly disagree, 2=disagree, 3=somewhat disagree, 4=neutral, 5=somewhat agree, 6=agree, 7=strongly agree.
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Table 4. Correlation matrix and mean user perception ratings, clients and providers (n=173).
Measure Mean sD? 1 la 1b 2 3 4 5 6 7
(range: 1-7)
1. E-loyalty 5.84 1.28 - .90 .96 .61 .56 .56 72 .79 .79
a Return 5.96 125 - 77 .63 .56 .57 .67 71 .73
b. Recommend 574 1.39 - .56 54 .52 .70 81 77
2. Overdll experience 5.72 111 - .67 .59 57 .56 .55
3. Effectiveness 5.87 0.96 - .61 .57 .50 .55
4. Efficiency 5.79 1.16 64 .50 53
5. Understanding 6.01 0.95 .68 72
6. Trustworthiness 5.99 1.08 .86
7. Active trust 597 1.08 -

83D: standard deviation.

Figurel. Structural equation model for the relationships between five user perceptions and e-loyalty. (Note: Numbers next to pathsindicate standardized

estimates, standard errors, and P values).

0.260

‘ Overall experience

‘ Effectiveness

R*= 76

-

Understanding Active trust

E-loyalty ‘

0.290
0.044
=.001

0.653
0.038
<.001

0.3231
0.089
<001

‘ Trustworthiness

| Education ‘

0.337

0.335
0.094
<001

0.072
<.001

| Visitor type ‘

Note: the user perception ‘efficiency’ and the covariate ‘gender identity’ were considered in model-building
but were not retained in the final model as they were not significant.

Four user perceptions were positively related with e-loyalty.
The effect size was highest for trustworthiness on e-loyalty
directly (3=.34), and trustworthiness was al so partially mediated
by active trust. Finding the website that is“easy to understand”
was positively related to active trust.

Females had higher mean scores than males and other genders
for eloyalty (6.19 vs 5.80, n=133, W=24825, P=.02),
trustworthiness (6.23 vs 6.02, n=133, W=2454.5, P=.03), and
understanding (6.24 vs5.98, n=133, W=2468, P=.02). However,
gender identity was not found to be significantly associated
with e-loyalty in the SEM and was not retained. In the SEM,
increasing levels of education were associated with higher mean
e-loyalty scores. Education level fully mediated the effect of
visitor type (ie, client vs hedth care provider) on e-loyalty
because health care providers generally had higher education

http://publichealth.jmir.org/2017/4/€75/

RenderX

than clients (97% [38/39] of providers had college-level
education or higher vs 69.4% [75/108] of clients).

Discussion

Overdl, our study demonstrated high e-loyalty and positive
user perceptions among SSR users. A new user perception,
understanding, was significant in the SEM describing e-loyalty.
Also, as one of the first eHealth studies to link e-loyalty with
knowledge and behavioral intent outcomes, we found significant
associations between e-loyaty and perceived knowledge
increase for clients and providers, as well as intent to change
sexua health behavior among clients.

This study contributes to the literature by presenting a
parsimonious model that illustrates associations between
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e-loyalty to asexual health website and user characteristicsthat
are potentially modifiable. Understanding the nature of the
inter-rel ationships among factors that influence e-loyalty helps
to both inform the development of theory and provide insights
into the processes by which we might intervene to enhance the
occurrence and strength of e-loyalty. The analysis identified a
set of key factors that are most amenable to intervention and
ongoing monitoring. Targeting effortstoward these factors may
be particularly useful considering that theway visitors currently
interact with sexual health resources has limited capacity for
nuance and complexity. Future research should further explore
the effect of manipulating website characteristicsto change such
user perceptions, e-loyalty, knowledge gained, and intent to
change behavior.

E-L oyalty and Website Efficacy

The associations between e-loyalty and the survey’s other key
outcomes, perceived knowledge increase, and intent to change
behavior (among clients) lead us to hypothesize that e-loyalty
contributes to the efficacy of this website in improving sexual
health. A meta-analysis of Web-based health interventionsfound
conflicting results regarding the relationship between
intervention adherence (areflection of e-loyalty) and behavioral
outcomes but concluded they arelikely to berelated [19]. More
longitudinal research could be done to further elucidate the
relationship between e-loyalty and outcomes resulting from
loyal engagement with Web-based health resources.

Our SEM provides further insights into associations between
user perceptions and e-loyalty for health promotion websites,
confirming previous findings and revealing new relationships.

Trustworthiness

Trustworthiness had the strongest direct effect on e-loyalty in
this model, and its effect was also partially mediated by active
trust. Thisfinding isin linewith prior social marketing research
that showed activetrust partially mediating the effect of website
credibility on behavioral intent [20]. In our study,
trustworthiness and active trust were highly correlated (p=.86),
yet both independently captured variance in e-loyalty that the
other could not. Thisfinding differsfrom previous health-related
applications of the eloyaty framework, in which
trustworthiness was not found to be significantly related to
e-loyalty for health information websites about sports injury
prevention, alcohol consumption, and depression [13]. Crutzen
et al hypothesized that activetrust could capture all the variance
in e-loyalty that could be explained by trustworthiness. We
hypothesize that thisdiffersin our study because of theinclusion
of both clients and providers. On average, clients gave similar
scores for trustworthiness and active trust (5.78 and 5.79,
respectively), perhaps because clients' trust in the website is
directly applicable to their confidence in acting upon the
information, whereas providers gave a higher score for
trustworthiness than active trust (6.64 vs 5.78), which may be
because their confidence in acting upon the information is not
applicable as they are using the website for work. Therefore,
trustworthiness may be a relevant user perception independent
of active trust in the context of a website that provides
information for other purposes in addition to behavior change.
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Thereis alarge body of literature recognizing the importance
of trust in the use of Web-based health information [21-23].
Trust in health websites in general is known to be predicated
on the reputation and respect of the organization that operates
the website, the demonstration of in-depth knowledge of a
variety of relevant topics, and the delivery of clear information
[23]. For sexual health resources specifically, American studies
have shown that youth are distrustful of online information
about sexual health and preferred traditional forms of sexual
health education, such as from parents, school, medical
professionals, and friends[24,25]. However, being ableto access
personal expertise (ie, atraditional form of education) through
anovel delivery system (an online one-on-one chat with anurse)
was considered to be atrustworthy source of information among
youth in British Columbia [26]. The online presence of nurses
on SSR through the “Ask a Nurse” or “Chat” functions may
contribute to increased trust of both the interactive servicesand
the static information.

SSR also has other features known to be associated with
trustworthiness among specific populations. When searching
for sexual health information online, youth have been shown
to assesscredibility largely upon awebsite’'sdomain name—dot
com, dot gov, or dot org—or its association with government
[24,27,28]. A study of gay and bisexual menindicated that their
trust in Web-based sexual health information was based on
hospital or university affiliations and also the convergence of
information across multiple websites [29]. We expect that the
SSR website's clear affiliation with the BCCDC, a provincial,
government-funded service provider, contributes to its
trustworthiness along the path to e-loyalty.

In our model, the effect of trustworthiness on e-loyalty wasalso
partially mediated by active trust. Active trust is characterized
by auser’s confidence in acting upon information presented on
awebsite, the only user perception in the e-loyalty model that
speaksto action. Asthe ultimate client-oriented objective of an
interactive Web-based resource such as SSR is to provide
information that contributes to behavior change (eg, engaging
in safer sex or getting tested for STIs), active trust is arguably
the most important user perception to engender along the
pathway to e-loyalty.

Increasingly, people are seeking health information on the
Internet before going to health care providers, and youth are
more likely than older adults both to go online first and to trust
online health content [30]. Asthe Internet contributesto filling
the sexual health information gap for youth [24] and other
groupsat higher risk for STIsand HIV suchasMSM [31], future
research could examine trust as it relates to e-loyalty toward
Web-based sexual health resources across age and population
subgroups.

Under standing as an Antecedent to Active Trust

Our hypothesisthat “ understanding” may berelated to e-loyalty
was supported by the data. The SEM indicates that respondents
who reported better understanding of content were more likely
to have active trust; in other words, understanding was an
antecedent to active trust along the pathway to e-loyalty.
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These findings suggest an overlap between the theoretical
frameworks of e-loyalty and eHedlth literacy. As much as
understanding is a component of eHealth literacy, we
acknowledge that understanding content isonly one small piece;
eHealth literacy comprises much more than having the reading
skillsto understand information at an appropriate reading level
[16,32]. Understanding also plays only a partia role in a new
conception of “sexual health literacy,” which is envisioned as
a combination of the level of sexual health knowledge one has
and the capacity to employ this knowledge within sexual and
social contexts[33].

Links between understanding, activetrust, and e-loyalty are not
yet well developed in the literature, but our findings are
congruent with prior research, including astudy showing strong
support that understanding impacts trust beliefs and intention
to use health information websites [23]. A study among
adol escents suggested a connection between understanding and
trust, in that alack of capacity to analyze medical information
(ie, low understanding or information-seeking skills) may hinder
one' s ability to assesstrustworthinessand credibility of an online
source of health information [2], an essential step on the pathway
to developing active trust and e-loyalty. Furthermore, a study
among adultsfound that individualswith higher e-literacy were
morelikely to scrutinize and evaluate the reliability of the source
and accuracy of the information to form an opinion of the site,
compared with those with lower eHealth literacy [34], as
measured by a validated eHealth literacy scale [35].

Limitations

The main limitation of this study was the small sample size.
Our challenges with attrition, despite offering an incentive, are
reflective of the fundamental challenges of open online surveys.
The use of alottery-style incentive was sel ected based on cost
and feasibility, informed by aliterature search in 2013 [36-38],
and intended to determine the most successful and economically
feasible incentive style for open, Web-based surveys. The
incentive was successful in oversampling Canadian respondents
as intended (79% of survey respondents vs 28% of overall
visitorsto thewebsite). The education level of respondentswas
driven up by theinclusion of health care providers and indicates
that in terms of education level, the sample is neither
representative of the Canadian population nor representative of
youth who are a key target group for the site (70% of
respondents had postsecondary education compared with 64%
of the adult Canadian population) [39]. Given theselimitations,
further research is needed to determine how generalizable our
findings are to user populations of other Web-based sexual
health websites.

We also recognize the potential for bias in an open, online
survey in which participants could respond more than once. In
37 (7%) instances, responses originated from the same IP
address as other responses. We retained these responses in our
sample, as we were unable to differentiate between duplicate
responses from the same individual and different individuals
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accessing the survey from a shared computer or an institutional
network, which may be likely among survey respondents (ie,
students at a school or health care providersin aclinic).

Another limitation is evident in the selection process and the
differences between respondents who completed and did not
complete the e-loyalty section. As our participant recruitment
method was related to e-loyalty (ie, those with e-loyalty to the
sitewere morelikely to be exposed to the banner ad or invitation
email and enter the survey than the general public), and as
completers of the e-loyalty section were more likely to be
returning SSR users and health care providers, our findings may
be biased toward visitors with higher e-loyalty. This is also
evident in that returning visitors reported significantly higher
e-loyalty scores, leading us to consider whether self-reported,
cross-sectional surveys are an appropriate way to capture
e-loyalty. Nevertheless, user perceptions from 173 unique
respondents supported an SEM with adequatefit and statistically
significant relationshi ps between variables that provides useful
insight into relationships between user perceptions, including
the novel user perception, “understanding,” as well as
knowledge and behavioral outcomes.

Finally, as across-sectional survey, we are not ableto draw any
conclusions regarding causation or determine whether the
intended behavioral outcomes (seek STI and HIV testing, change
sexual behavior) did, infact, occur. Future research that includes
a longitudinal component (eg, pre- and postassessment of
behavior change) to validate our findings is needed.

Conclusions

Thisexploratory study contributesto agrowing field of literature
on the applications of an e-loyalty framework to Web-based
public health interventions. With the addition of a novel user
perception to a theoretical framework of e-loyalty, we have
shown that users’ understanding of the content affects their
confidence in acting upon information presented, which inturn
affectstheir e-loyalty to the site. Furthermore, we found positive
associations between e-loyalty and measures of intervention
efficacy (ie, knowledge and behavioral outcomes). We propose
that e-loyaty and related user perceptions, including
trustworthiness and understanding, are constructs relevant to
consider in addition to efficacy measuresin studiesthat evaluate
Web-based sexua health interventions.

Thereisaneed to further investigate how sexual health websites
can deliberately engender understanding, trust, and active trust
to develop eloyalty among their users, for example, by
mani pul ating website characteristicsto change user perceptions.
We echo the call to action to bring sexual health interventions
to their full potential on the Internet by continuing to explore
waysto increase their use and impact [40]. Asthefirst study to
adapt the e-loyalty framework specifically for a sexua health
intervention, we confirm the relevance of eloyalty as an
outcome for evaluating the antecedents of the use and efficacy
of Web-based public health interventions across hedlth
disciplines.
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Abstract

Background: Thereisaheavy and disproportionate burden of human immunodeficiency virus (HIV) infection among migrant
communities living in Europe. Despite this, the published evidence related to HIV testing, prevention, and treatment needs for
migrantsis sparse.

Objective: The aim of this study was to identify the factors associated with access to primary care and HIV testing among
migrant groups living in Europe.

Methods: A Web-based survey (available in 14 languages) was open to all people aged 18 years and older, living outside their
country of birth in the World Health Organization (WHO) European area. Community organizationsin 9 countries promoted the
survey to migrant groups, focusing on those at a higher risk of HIV (sub-Saharan Africans, Latin Americans, gay or bisexual
men, and people who inject drugs). Multivariable analysis examined factors associated with access to primary care and previous
history of an HIV test.

Results: Intotal, 559 women, 395 heterosexual men, and 674 gay or bisexual men were included in the analysis, and 68.1%
(359/527) of women, 59.5% (220/371) of heterosexual men, and 89.6% (596/664) of gay or bisexual men had tested for HIV.
Low perceived risk was the reason given for not testing by 62.3% (43/69) of gay or bisexual men and 83.3% (140/168) of women
and heterosexual men who reported never having tested for HIV. Access to primary care was >60% in all groups. Access to
primary carewas strongly positively associated with living in Northern Europe compared with Southern Europe (women: adjusted
odds ratio, aOR 34.56 [95% CI 11.58-101]; heterosexual men: aOR 6.93 [95% CI 2.49-19.35], and gay or bisexual men: aOR
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2.53[95% CI 1.23-5.19]), whereasthose with temporary residency permitswerelesslikely to have accessto primary care (women:
aOR 0.41 [95% CI 0.21-0.80] and heterosexua men: aOR 0.24 [95% CI 0.10-0.54] only). Women who had experience of forced
sex (aOR 3.53 [95% CI 1.39-9.00]) or postmigration antenatal care (aOR 3.07 [95% CI 1.55-6.07]) were more likely to have
tested for HIV as were heterosexual men who had access to primary care (aOR 3.13 [95% CI 1.58-6.13]) or reported “Good”
health status (aOR 2.94 [95% CI 1.41-5.88]).

Conclusions: Accessto primary care is limited by structural determinants such as immigration and health care policy, which
varies across Europe. For those migrants who can access primary care and other health services, missed opportunities for HIV
testing remain a barrier to earlier testing and diagnosis for migrants in Europe. Clinicians should be aware of these potential

structural barriersto HIV testing as well as low perception of HIV risk in migrant groups.

(JMIR Public Health Surveill 2017;3(4):e84) doi:10.2196/publichealth.7741

KEYWORDS

HIV; migrants; HIV serodiagnosis; primary health care; health services accessibility

Introduction

Methods

Within Europe, migrant populations form a substantial
proportion of the number of people living with human
immunodeficiency virus (HIV). From 2007 to 2012, migrants
represented two-fifths of HIV cases reported and had higher
odds of late presentation compared with nonmigrants [1]. In
2014, the European Centre for Disease Control and Prevention
reported that 31% of new diagnoses were among people living
outsidetheir country of birth [2]. Whereastrends show that new
HIV diagnoses among migrants born outside Europe are
decreasing, in the 9 years to 2014, the rates of new diagnosis
among European-born migrants have increased by 48% [2].
Despite the disproportionate representation of migrants in the
European HIV epidemic, the published evidence base related
to the HIV testing, prevention, and treatment needs is sparse
and mainly focuses on sub-Saharan migrants living in the
European Union [3,4].

Migrants are at an increased risk of ill health in general and
sexual ill health in particular [5,6]. Studies have highlighted
that cultural, financial, and structural barriers may prevent
migrants from accessing HIV health care services[4,7-11]. Yet
these studies focus on migrants originating from 1 region
[7,9-14] or residing in 1 country [8,10-15], and few studies
focus on the role of access to primary care as a gateway to
providing HIV testing and earlier diagnosis [16-18].
Additionally, recent literature reviews have found that the
evidence base for understanding HIV risk behaviors among
migrant men who have sex with men is similarly poor [19].

This paper presents findings from the Advancing Migrant
Access to Health Services in Europe (aMASE) study. This
collaborative European study aimed to provide the evidenceto
prevent HIV infection and improve diagnosis and prognosis of
migrant populationsliving with HIV in Europe to support policy
development at the European level. Our study objectives were
to identify the structural, cultural, and financial barriersto HIV
prevention, diagnosis, and treatment among migrants living in
Europe. We present the findings of a community participatory
cross-sectional survey that identifiesthe factorsassociated with
access to health care and HIV testing among multiple migrant
groups.

http://publichealth.jmir.org/2017/4/e84/

Study Design

Full details of the methods used in the aM A SE study have been
described elsewhere[20]. In summary, all people aged 18 years
and older living outside their country of birth in the World
Health Organization (WHO) European area, irrespective of their
HIV status or current country of residence, were eligible to
participate in the aM A SE community survey. The survey, hosted
by FluidSurveys version 5.0 (Fluidware, now SurveyMonkey),
was available online between April 2014 and July 2015.

No sampling frame for migrants in Europe exists, therefore, a
convenience sampling strategy was used. In calculating the
sample size, the primary outcome measures were access to
primary care and the proportion of participants previously tested
for HIV—both assumed to have an overall outcome prevalence
of 50%. The target sample size was 1000 migrants, which
allowed for estimates of the primary outcomes by gender within
5%. The survey was actively promoted from June 2014 to May
2015 using social marketing and community participatory
methods in Belgium, France, Germany, Greece, Italy, The
Netherlands, Portugal, Spain, and the United Kingdom. These
countries were selected because they complemented data
available from a companion study, the aMASE clinic survey
[20]. A Community Advisory Group (CAG) comprising
representatives from local community-based organizations
providing services to migrant communities was contracted to
promotethe survey as previously described [20]. The CAG was
given promotional materials, and the survey was advertised on
websites, social media, and dating sites (eg, Grindr and Gay
Romeo). Four population groups with unmet HIV prevention
needs[21] weretargeted for recruitment: sub-Saharan Africans,
Latin Americans, men who have sex with men, and people who
inject drugs.

The survey instrument was availablein 14 languages: Amharic,
Arabic, Dutch, English, French, German, Greek, Italian, Polish,
Portuguese, Russian, Turkish, Spanish, and Somali. All
participants provided within-survey tick-box consent.

Ethics

Ethical approval was obtained from the London Bentham
Research Ethics Committee (11/L0O/1600). Additional approvals
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were obtained in countries that actively promoted the survey
[20].

Outcomes and Variables of Interest

The main outcome measures were access to primary care and
ever having tested for HIV. Accessto primary care was defined
as reported possession of ahealth card (Italy and Spain), access
to a permanent medical doctor (Greece), or registration with a
family doctor or generd practitioner (GP) for al other countries.
Respondents who reported living with diagnosed HIV were
excluded from analysisidentifying factors associated with ever
having tested for HIV.

Data were analyzed separately for 3 gender-related groups as
it was assumed that women, men who reported their sexual
orientation as straight, and men who identified asgay or bisexual
wereadll likely to be different with regard to HIV testing history,
sexual behavior, and HIV prevention needs.

Geographical variables (region of birth, region of current country
of residence) were created using geographic regions and
subregions classifications by the United Nations Statistics
Division [22].

Statistical Analysis

We undertook statistical analysis using Stata version 14.1
(StataCorp LLC). Individual swho reported their gender as other
or who had not been—or did not intend to be—living in their
current country of residence for 6 months or more were excluded
from the anaysis. Binary logistic regression was used to
examine associations between demographic and behavior
variables and the main outcome measures; we present crude
odds ratios (OR) and adjusted OR (aOR) for each gender.
Behavior and demographic factors that showed significant
associations (alpha=.05) in a univariate analysis were included
in a backwards stepwise model selection process conducted
separately for each gender. We specified a priori that age, region
of birth, sexual orientation, immigration status, and age at
migration or diagnosis would be factors of interest in a
multivariable analysis [20]. After models were selected, we

http://publichealth.jmir.org/2017/4/e84/
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examined whether associations between the primary outcomes
and the included factors differed significantly by region of
current residence or by region of birth by testing interaction
terms.

Results

The exact number of individualsinvited to compl ete the survey
or who saw advertising online or via a dating app is unknown;
therefore, an overall participation rateisunavailable. It isknown
that 3420 individual s compl eted the within-survey consent form
(102 or 2.98% declined to take part at that stage). Of the 3321
peoplewho agreed to participate, 1727 went on to completethe
survey, of whom 1637 (49.29% of those who consented) were
included in the analysis (90 tourists were excluded from further
analysis). Attrition rate analysis showed that 85.93%
(2217/2580) of those who dropped out did so by question 7
(data not shown).

The 1637 respondents, of which 34.15% (559/1637) were
women, reported 140 different countriesof birth and 31 different
countries as their current residence (9 transgender individuals
were excluded from further analysis, see Multimedia A ppendix
1 for full list of countries). The survey’s targeted populations
were well represented, with 62.96% (673/1069) of men
identifying as gay or bisexual (209/673 born in Latin America
and the Caribbean), 3.96% (64/1618) of participants reporting
ahistory of injecting drugs, and around half of women (272/559)
and heterosexual men (214/396) bornin Africaor Latin America
and the Caribbean (Table 1).

Participants differed across gender for amost all
sociodemographic characteristics, with the notable exception
of age at migration (Table 1), and the average age of gay or
bisexual men was lower than in the other 2 groups. Just over a
fifth (148/673, 22.0%) of gay or bisexual men reported living
with diagnosed HIV compared with 8.8% (49/559) of women
and 6.6% (26/396) of heterosexual men (P<.001) (Table 1; see
also Multimedia Appendices 1-3 for full demographic details).
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Table 1. Sociodemographic characteristics of respondents, by gender (men separated by self-reported sexual orientation).

Sociodemographics Women Heterosexual men  Gay or bisexual men P value?
Current country of residence (by European region), n (%) be <.001
Northern Europe 124 (22.1) 46 (11.6) 123 (18.3)
Southern Europe 279 (49.9) 261 (65.9) 139 (20.7)
Rest of Europe 156 (27.9) 89 (22.5) 411 (61.1)
Age, years, median (IQR)"® 35(28-43)  36(28-43) 33(28-43) <.001
In current country, years, median (IQR)¢ 8(3-13) 8(3-15) 5(2-12) <.001
Age at migration, years, mean (SD)P® 26.8(10.3) 27.2(10.1) 26.8(9.3) 78
Region of birth, n (%) bf <.001
Africa 155 (27.7) 167 (42.2) 36 (5.4)
Latin America and the Caribbean 117 (20.9) 47 (11.9) 209 (31.1)
Rest of the world 24 (4.3) 4(1.0) 38(5.7)
Asia 43(7.7) 71(17.9) 57 (8.5)
Europe 220(39.4) 107 (27.2) 333 (49.5)
Ethnicity (n=1618), n (%) <.001
Arab or Magrhebian 13(2.4) 30(7.7) 9(13)
Asian 28 (5.1) 42 (10.7) 49 (7.3)
Black African or Caribbean 125(22.6) 125(31.9) 17 (2.5)
Latin American or Hispanic 64 (11.6) 31(7.9) 124 (18.5)
Mixed ethnicity 40(7.2) 21 (5.4) 88 (13.1)
Other 44.(7.9) 55 (14.0) 39 (5.8)
White European 201(36.3) 83(21.2) 302 (44.9)
White other 39 (7.0) 5(1.3) 44 (6.6)
Education: upper secondary or more, n (%)° 398(71.2)  248(62.6) 600 (89.2) <.001
Employment: working full- or part-time, n (%)° 207 (33.1) 177 (44.7) 501 (74.4) <.001
Relationship status, n (%) ° <.001
Married or cohabitating 283 (50.6) 165 (41.7) 205 (30.5)
Single 206(36.8) 182 (46.0) 397 (59.0)
Living apart relationship or marriage 70 (12.5) 49 (12.3) 71 (10.6)
Religion of those who attend services (n=627), n (%) <.001
Christian (all denominations) 196 (83.4) 119 (59.5) 167 (87.0)
Muslim or Islam 23(9.8) 66 (33.0) 9(4.7)
Other 16 (6.8) 15(7.5) 16 (8.3)
M onthly income compared with national minimum wage (n=1575), n (%) <.001
More or alot more 169 (32.1) 113 (29.4) 372 (56.0)
About the same 65 (12.3) 40 (10.4) 88 (13.3)
L ess than minimum wage 122 (23.2) 89(23.2) 120 (18.1)
No earnings 171(325)  142(37.0) 84 (12.7)
Not known 169(32.1)  113(29.4) 372 (56.0)
Moderate or severe household hunger in the past 4 weeks (n=1520), n (%) 130 (25.8) 121 (34.5) 89 (13.4) <.001
Immigration status, n (%) (n=1625) <.001
http://publichesl th.jmir.org/2017/4/e84/ JMIR Public Health Surveill 2017 | vol. 3 |iss. 4 [e84 | p.141

(page number not for citation purposes)

RenderX


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

JMIR PUBLIC HEALTH AND SURVEILLANCE Fakoyaet a
Sociodemographics Women Heterosexual men  Gay or bisexual men P value®
Permanent residency 343 (61.6) 183 (46.3) 482 (71.6)
Temporary residency 86 (15.4) 84 (21.3) 157 (23.3)
Asylum seeker or refugee status 35(6.3) 63 (16.0) 9(1.3)
Undocumented 78(140)  55(13.9) 23(34)
Unknown 15(2.7) 10(2.5) 2(0.3)
Living with diagnosed HIV, n (%)>9 49 (8.8) 26 (6.6) 148 (22.0) <.001
Previoudly injected drugs (n=1618), n (%) 19 (3.4) 20(5.1) 25(3.7) .38

8Chi-square comparing gender-related groups.
Pn=1628.

®Respondents living in Cyprus (classified as Western Asia by the United Nations but included in the World Health Organization European area) were

classified as living in Southern Europe.
dIQR: interquartile range.
€3D: standard deviation.

MThose who checked “None of the above” in the multichoice list of all possible immigration statuses.

9Self-reported HIV status.

Overall, 60.8% (236/388) of heterosexua men, 73.3% (399/544)
of women, and 72.6% (484/667) of gay or bisexual men reported
access to a primary care physician (Table 2). The magjority of
participants had attended health care services in their current
country of residence in the past 12 months, although 13.6%
(76/559) of women, 8.8% (35/396) of heterosexual men, and
19.5% (131/673) of gay or bisexual men had returned to their
country of birth and attended health care servicesin the previous
12 months. In each gender-related group, over 97% of the people

http://publichealth.jmir.org/2017/4/e84/

who reported living with diagnosed HIV described visiting their
HIV doctor inthelast 12 months. Morethan athird (9/25, 36%)
of heterosexual men, 25% (12/48) of women, and 4.9% (7/143)
of gay or bisexual men reported missing appointments at their
HIV clinic because of travel costs. Paying prescription costs
was a difficulty for 53% (9/17) of heterosexua men, 41%
(15/37) of women, and 19.1% (20/105) of gay or bisexual men
living with diagnosed HIV.
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Table 2. Access to health care services and human immunodeficiency virus testing among participants by gender (men separated by self-reported
sexual orientation).

Services and testing variables Women Heterosexual men  Gay or bisexua men
n (%) n (%) n (%)
Living with 1 or more chronic illnesses, not HIV® (n=1628) 183 (32.7) 126 (31.8) 243 (36.1)
Has access to primary care physician (n=1599) 399 (73.3) 236 (60.8) 484 (72.6)
Visited COBP for hedlth care in the last 12 months (n=1628) 76 (13.6) 35(8.9) 131(195)
Doctor or nurse visited in CCORC in the last 12 months (n=1625) 484 (86.6) 311(78.9) 539 (80.2)
Health care service attended in CCOR ever (n=1628)
Any health service 519 (92.8) 361 (91.2) 587 (87.2)
6P or family doctor 374 (66.9) 197 (49.7) 433 (64.3)
STI€ dlinic 75 (13.4) 48 (12.1) 346 (51.4)
Emergency 251 (44.9) 149 (37.6) 261 (38.8)
Outpatient 187 (33.5) 103 (26.0) 193 (28.7)
Inpatient 148 (26.5) 99 (25.0) 153 (22.7)
Outreach 24 (4.3) 41 (10.4) 9(1.3)
Antenatal 138 (24.7) 4(1.0) —
HIV testing mentioned during attendance (n=1467)
Any health service 196 (37.8) 129 (35.7) 374 (63.7)
Inpatient (n=400) 31(20.9) 26 (26.3) 28(18.3)
Emergency (n=661) 9(3.6) 11(7.4) 23(8.8)
Antenatal (n=142) 67 (48.6) 0(0) —
STI clinic (n=469) 40 (53.3) 25 (52.1) 274 (79.2)
Outpatient (n=483) 13(7.0) 15 (14.6) 30(15.5)
Outreach (n=74) 21(87.5) 32(78.0) 7(77.8)
GP or family doctor (n=1004) 53 (14.2) 36 (18.3) 159 (36.7)
Previously tested for HIV (n=1562) 359 (68.1) 220 (59.6) 506 (89.6)
Place diagnosed or of last test (n=1086)
Antenatal service 51 (14.7) 2(0.9) 1(0.2)
Hospital service (emergency, inpatient, or outpatient) 68 (19.6) 57 (26.4) 56 (10.7)
GP or family doctor 46 (13.3) 21(9.7) 108 (20.7)
Sexual health clinic or HIV testing clinic 58 (16.7) 36 (16.7) 250 (47.8)
Community or outreach setting 41 (11.8) 50 (23.1) 43(8.2)
Private clinic 36 (10.4) 11(5.1) 42 (8.0
Other 47 (13.5) 39 (18.1) 23 (4.4)
Reasons for never testing (n=387)
Perceived low risk 140 (83.3) 125 (83.3) 43 (62.3)
Fear of positive result and consequences 8(4.8) 10(6.7) 17 (24.6)
Structural barriers to accessing health care 15(8.9) 11(7.3) 17 (24.6)
Fear of test procedure 3(1.8) 6 (4.0) 3(4.3)
Other 20 (11.9) 10 (6.7) 6(8.7)
Reasons for last test (n=1175)
Perceived risk 57 (15.9) 46 (20.8) 227 (38.2)
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Services and testing variables Women Heterosexual men  Gay or bisexual men
n (%) n (%) n (%)

Feeling unwell or health problems 38 (10.6) 30 (13.6) 58 (9.7)
Routine health checkup 148 (41.2) 96 (43.4) 337 (56.6)
Pregnancy, blood donation, or other hospital appointment 80 (22.3) 10 (4.5) 8(1.3)
Job application, visa, or insurance 23(6.4) 20(9.0) 17 (2.9)
Other 47 (13.1) 44.(19.9) 36 (6.1)

People living with HIV only (n=223)
Previous negative HIV test (n=208) 20 (45.5) 8(38.1) 111 (77.6)
Visited an HIV doctor in the past 12 months (n=221) 48 (98.0) 25 (100) 143 (97.3)
Missed appointments because of travel costs (n=216) 12 (25.0) 9(36.0) 7(4.9)
Delayed or forwent medication because of prescription costs (n=159) 15 (40.5) 9(52.9) 20(19.1)

8H|V: human immunodeficiency virus.
PCOB: country of birth.

SCCOR: current country of residence.
dGp: genera practitioner.

€STI: sexually transmitted infection.

The most frequently attended health service postmigration was
general practice. Access to primary care (regardless of actual
attendance) varied according to current region of residence
(Table 3). Among women, this ranged from nearly ubiquitous
accessin Northern Europe (120/124, 96.8%) to lesswidespread
access in Southern Europe at 56.4% (149/264, Table 3). This
pattern was similar among heterosexual men; however, for gay
or bisexual men, the lowest accessto primary care was observed
in the Western and rest of Europe regions (284/411, 69.1%).
Multivariable analysis showed that differences in access to
primary care among the regionsin Europe remained significant
for al 3 gender-related groups (Table 3). For women, additional
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factorsthat influenced accessto care wereworld region of birth
and immigration status. Among heterosexual men, region of
birth and immigration status remain significant after adjusting
for other factors, including religious practice and number of
children cared for in the home (Table 3). Gay or bisexual men
living with HIV were more than twice as likely to have access
to primary care (aOR 2.74, 95% Cl 1.53-4.86; P=.001), but
individuals who had been resident in their current country for
lessthan 1 year werelesslikely to bein receipt of primary care
than those who had been in the country for 2 to 5 years (aOR
0.32, 95% CI 0.19-0.53).
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Table 3. Factors associated with access to primary care, by gender (men separated by self-reported sexual orientation).

Factors?® n (%) OR" aOR® 95% Cl P value
Women (n=541)
Current region of residence <.001
Northern Europe 120 (96.8) 23.15 34.56 11.58-101
Southern Europe 149 (56.4) 1.00 1.00 —
Western and rest of Europe 130 (85.0) 4,01 5.30 3.00-9.39
Age, years .79
18-24 29 (67.4) 0.88 1.26 0.55-2.86
25-34 152 (69.4) 1.00 1.00 —
35-44 117 (77.0) 1.52 1.09 0.61-1.92
45-54 65 (75.6) 141 0.88 0.43-1.78
55+ 36(87.9) 3.27 1.78 0.59-5.32
World region of birth <.001
Africa 106 (72.1) 1.02 1.70 0.91-3.17
Latin America and the Caribbean 94 (80.3) 1.62 571 2.85-11.43
Rest of the world 45 (69.2) 0.89 0.95 0.42-2.15
Europe 154 (71.6) 1.00 1.00 —
Yearsresident in CCOR 9 18
lorless 38 (66.6) 0.49 0.65 0.29-1.46
2-5 91 (64.1) 0.45 0.52 0.28-0.98
6-9 96 (78.0) 0.89 0.97 0.51-1.82
10 or more 174 (79.5) 1.00 1.00 —
Immigration status <.001
Permanent residency 274 (80.8) 1.00 1.00 —
Temporary residency 51 (60.7) 0.37 0.41 0.21-0.80
Refugee status, unknown, or undocumented 74 (62.7) 0.39 0.64 0.33-1.23
Heterosexual men (n=301)
Current region of residence <.001
Northern Europe 36 (83.7) 5.19 6.93 2.49-19.35
Southern Europe 92 (48.7) 1.00 1.00 —
Western and rest of Europe 53(76.8) 2.67 274 1.28-5.86
Age, years .16
18-24 14 (48.3) 1.18 124 0.46-3.32
25-34 48 (49.0) 1.00 1.00 —
35-44 49 (58.3) 1.76 1.10 0.51-2.34
45-54 42 (73.7) 271 1.89 0.76-4.70
55+ 28 (84.8) 3.72 3.94 1.14-1357
World region of birth <.001
Africa 71 (61.7) 0.96 2.14 0.92-4.95
Latin America and the Caribbean 33(89.2) 3.29 21.52 5.63-82.17
Rest of the world 24 (38.1) 0.35 143 0.54-3.89
Europe 53 (61.6) 1.00 1.00 —
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Factors® n (%) OR" aOR® 95% Cl P value

Yearsresident in CCOR .55
lorless 14 (48.3) 0.37 1.20 0.40-3.59
2-5 40 (46.5) 0.31 0.65 0.30-1.41
6-9 31 (62.0) 0.71 0.93 0.40-2.16
10 or more 96 (70.6) 1.00 1.00 —

Immigration status .003
Permanent residency 117 (77.0) 1.00 1.00 —
Temporary residency 28 (45.2) 0.26 0.24 0.10-0.54
Refugee status, unknown, or undocumented 36 (41.4) 0.29 0.42 0.18-0.97

Religious practice A4
Christian 84(73.7) 1.00 1.00 —
Other 33 (44.6) 0.33 0.66 0.29-1.46
Does not attend religious services 64 (56.6) 0.50 0.51 0.25-1.05

One or more child cared for in the home 13
No 97 (52.4) 1.00 1.00 —
Yes 84 (72.4) 218 1.66 0.87-3.19

Gay or bisexual men (n=667)

Current region of residence .03
Northern Europe 98 (79.7) 1.19 2.53 1.23-5.19
Southern Europe 102 (76.7) 1.00 1.00 —
Western and rest of Europe 284 (69.1) 0.68 1.28 0.74-2.20

Age, years .38
18-24 50 (53.8) 0.54 0.74 0.43-1.26
25-34 186 (68.1) 1.00 1.00 —
35-44 141 (78.3) 1.69 0.91 0.55-1.51
45-54 79 (88.8) 3.70 147 0.66-3.28
55+ 28 (87.5) 3.27 212 0.60-7.49

World region of birth .66
Africa 28 (82.4) 1.75 1.83 0.63-5.28
Latin America and the Caribbean 152 (73.1) 1.02 1.16 0.71-1.89
Rest of the world 62 (67.4) 0.78 0.97 0.51-1.83
Europe 242 (72.7) 1.00 1.00 —

Yearsresident in CCOR <.001
lorless 40 (38.5) 0.09 0.10 0.05-0.19
2-5 152 (65.5) 0.26 0.32 0.18-0.56
6-9 102 (88.7) 1.07 1.19 0.57-2.48
10 or more 190 (88.0) 1.00 1.00 —

Immigration status 40
Permanent residency 370 (76.9) 1.00 1.00 —
Temporary residency 97 (62.2) 0.49 0.86 0.51-1.45
Refugee status, unknown, or undocumented 17 (56.7) 0.39 0.54 0.22-1.32

.001

Living with diagnosed HIV €
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Factors® n (%) OR" aOR® 95% Cl P value
No 355 (68.3) 1.00 1.00 —
Yes 129 (87.8) 3.33 2.72 1.53-4.86

8After the final model selection, each gender-related group adjusted for the factors listed under the corresponding heading in the table.

POR: odds ratio.

Ca0R: adjusted odds ratio.

dCCOR: current country of residence.
€HIV: human immunodeficiency virus.

More than two-thirds (359/527, 68.1%) of women, 59.5%
(220/371) of men, and 89.6% (596/664) of gay or bisexua men
had previoudly tested for HIV (Table 2). Respondents were
asked about the place of their last test (or where they were
diagnosed in the case of those living with HIV); whereas afifth
(108/523) of gay or bisexual men had tested at the GP, only
13.3% (46/347) of women and 9.7% (21/216) of heterosexual
men had done so. Just over half of women and heterosexual
men (40/75, 53.3%, and 25/48, 52.1%, respectively) and 79.2%
(274/346) of gay men recaled being offered an HIV test in
sexually transmitted infection (STI) clinics; 47.8% (250/523)
of gay or bisexual men and 16.7% (58/347) of women and
heterosexual men (36/216) cited an STI clinic as the place of
their last test. Lessthan half (67/138, 48.6%) of the women who
had attended antenatal care recalled being offered a test, with
14.7% (51/347) of women reporting an antenatal service asthe
place of their last test. Among those who had attended a GP,
over athird (159/433, 36.7%) of gay or bisexual men, 14.2%
(53/374) of women, and 18.3% (36/197) of heterosexual men
recalled being offered an HIV test. Routine and quasi-routine
health checks (such as pregnancy or other hospital appointments)
were the impetus for testing for 63.5% (228/359) of women.
Among al men, routine health checks and a perceived risk of
HIV were the main reasons for testing.

Respondents who had never tested were asked to select their
reasonsfor not having done so. Among women and heterosexual

http://publichealth.jmir.org/2017/4/e84/

men, most (140/168, 83.3%, and 125/150, 83.3%, respectively)
who had not tested reported that they were at no or low risk,
and afew (8/168, 4.8%, and 10/150, 6.7%, respectively) reported
fear of apositive test result. Although low risk of infection was
areason for not testing for 62.3% (43/69) of gay or bisexual
men, around a quarter (17/16, 24.6%) also reported fears of a
positivetest result or structural barriersto accessing health care
(Table 2).

Table 4 shows HIV risk factors among participants not living
with HIV. Respondents' basic knowledge of HIV and acquired
immune deficiency syndrome (AIDS) was assessed by asking
whether they “knew that AIDS was caused by a virus called
HIV.” Whereas 97.1% (509/524) of gay or bisexua men
responded they “knew thisbeforetoday,” around 1 in 10 women
(55/506, 10.9%) and 14.5% (53/366) of heterosexual men did
not. A large proportion (233/500, 46.6%) of gay or bisexual
men reported more than 100 lifetime sexual partners, and a
similar proportion (220/520, 42.3%) reported more than 11
partners in the past year. In comparison, 2.7% (13/483) of
women and 5.0% (17/338) of heterosexual men reported 100
or more sexua partners in their lifetime and the majority
reported 1 or no sexual partners in the past year. A small
proportion of women (20/467, 4.3%) reported no condom use
in their last sexual act with a nonregular partner, and 17.2%
(88/511) of gay or bisexual men reported not using a condom
in their last sexual encounter with a nonregular partner.
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Table 4. Human immunodeficiency virus (HIV) risk factors among participants not living with diagnosed HIV by gender (men separated by sexual

orientation).
Risk factors Women Heterosexual men  Gay or bisexua men
n (%) n (%) n (%)

Unaware that AIDS?is caused by avirus called HIVP (n=1396) 55(10.9) 53(14.5) 15(2.9)
Total number of lifetime sexual partners (n=1321)

0-1 100 (20.7) 70(20.7) 4(0.8)

2-5 188 (38.9) 70(20.7) 26 (5.2)

6-10 70 (14.5) 66 (19.5) 40 (8.0)

11-20 64 (13.3) 56 (16.6) 44.(8.8)

21-50 37(7.7) 42 (12.4) 68 (13.6)

51-100 11(2.3) 17 (5.0) 85 (17.0)

More than 100 13(2.7) 17 (5.0) 233 (46.6)
Total number of sexual partnersin the past year (n=1384)

None 84 (16.6) 68 (19.0) 20 (3.8)

1 314 (61.9) 153 (42.9) 43(8.3)

2-10 98 (19.3) 114 (31.9) 237 (45.6)

>11 11(2.2) 22(6.2) 220 (42.3)
At last sex: no condom use (n=1308) 337 (72.2) 203 (61.5) 182 (35.6)
At last sex: no condom and nonregular partner (n=1308) 20 (4.3) 43 (13.0) 88 (17.2)
Previously diagnosed with an STI (n=952)%¢ 74 (23.9) 44 (22.6) 227 (50.8)
Does not know where to access free condoms (n=1349) 236 (48.8) 186 (53.6) 242 (46.7)
Cannot afford condoms (n=661)° 167 (71.7) 112(60.2) 201(83.1)
Previously exchanged sex for money, food, or drugs (n=1346)

Ever 36 (7.4) 22 (6.4) 78 (15.1)

n the last 12 months (n=126) 16 (53.3) 11 (55.0) 37(48.7)
Previously paid for sex (n=1561)

Ever 3(0.6) 122 (36.2) 96 (18.5)

In the last 12 months (n=209) 0(0) 51 (44.3) 35(37.6)
Experienced forced sex (n=1331) 55 (11.6) 13(3.8) 51 (10.0)
Previously used a needle to inject drugs (n=1396) 13(2.6) 12(3.3) 16 (3.0
Previously shared a needle when injecting drugs (n=41) 9(69.2) 6 (50.0) 5(31.3)
Used drugs in the last 5 years—excluding cannabis (n=1388) 64 (12.8) 54 (14.8) 234 (44.7)
Used methamphetamine or GHB' or GBLY in last 5 years (n=1388) 5(10) 6(16) 66 (12.6)

8AIDS: acquired immune deficiency syndrome.

BHIV: human immunodefici ency virus.

CSTI: sexually transmitted infection.

9Does not include those who have never tested for HIV.
€0nly those who cannot access free condoms.

fGHB: gammahydroxybutyric acid.

9GBL: gammabutyrolactone.

In the multivariable analysis, the only HIV risk factor
significantly associated with previous HIV testing in al groups
was the number of lifetime partners (Table 5). For women and
heterosexual men, additional associationswerefound for region
of birth. Further factors for women were experience of forced

http://publichealth.jmir.org/2017/4/e84/

sex (aOR 3.55, 95% CI 1.40-9.01) and receiving antenatal care
postmigration (3.09, 95% CI 1.56-6.13). For heterosexual men,
additional factors included access to primary care (aOR 2.67,
95% CI 1.43-4.97), and those with poorer health werelesslikely
to have tested (aOR 0.22, 95% Cl 0.22-0.84).
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Table5. Factorsassociated with ever having human immunodeficiency virus (HIV) tested among participants not living with diagnosed HIV, by gender
(men separated by self-reported sexual orientation).

Factors® n (%) ORP aOR°® 95% Cl P value
Women (n=426)

Current region of residence A3
Northern Europe 53 (55.2) 0.62 0.51 0.26-0.99
Southern Europe 147 (66.5) 1.00 1.00 —
Western and rest of Europe 76 (69.7) 1.17 0.85 0.45-1.60
Age, years 37
18-24 22 (57.9) 0.61 0.55 0.23-1.30
25-34 119 (65.4) 1.00 1.00 —
35-44 81 (70.4) 125 123 0.66-2.31
45-54 34 (55.7) 0.62 0.74 0.32-1.67
55+ 20 (66.7) 1.18 132 0.46-3.85
Region of birth <.001
Africa 75 (84.3) 4.00 5.42 2.48-11.83
Latin America and the Caribbean 66 (68.8) 1.79 2.46 1.22-4.95
Rest of the world 29 (55.8) 0.86 0.97 0.46-2.05
Europe 106 (56.1) 1.00 1.00 —
Yearsresident in the country .06
1orless 34 (77.3) 131 3.09 1.13-8.44
2-5 60 (55.6) 0.61 0.85 0.43-1.68
6-9 64 (64.6) 0.86 1.01 0.52-1.95
10 or more 118 (67.4) 1.00 1.00 —
Immigration status A3
Permanent residency 187 (66.8) 1.00 1.00 —
Temporary residency 41 (68.3) 0.96 0.59 0.26-1.33
Refugee status, unknown, or undocumented 48 (55.8) 0.71 0.44 0.20-0.95
Total number of lifetime sexual partners <.001
0-1 37 (47.4) 0.52 0.53 0.28-1.01
2-5 103 (59.5) 1.00 1.00 —
6-10 42 (66.7) 1.28 154 0.76-3.11
More than 10 94 (83.9) 343 4.25 2.16-8.36
Experience of forced sex .008
No 235 (62.2) 1.00 1.00 —
Yes 41 (85.4) 3.79 3.55 1.40-9.01
Children or antenatal carein CCOR ¢ 001
No children 127 (61.7) 1.00 1.00 —
Has children, no antenatal carein CCOR 69 (58.0) 0.82 0.77 0.41-1.41
Has children, antenatal carein CCOR 80(79.2) 2.36 3.09 1.56-6.13
Self-reported health status .07
Very good 86 (78.2) 231 2.08 1.12-3.88
Good 100 (57.1) 1.00 1.00 —
Other response 90 (63.8) 1.30 1.39 0.78-2.46
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Factors® n (%) OR" aOR® 95% Cl P value

Heterosexual men (n=301)

Current region of residence .08
Northern Europe 20 (52.6) 1.06 0.93 0.38-2.26
Southern Europe 102 (51.8) 1.00 1.00 —
Western and rest of Europe 46 (69.7) 213 213 1.04-4.35
Age, years 14
18-24 22 (61.1) 1.46 1.79 0.74-4.36
25-34 53 (51.5) 1.00 1.00 —
35-44 52 (66.7) 1.65 1.86 0.90-3.81
45-54 26 (50.0) 0.78 0.93 0.40-2.18
55+ 15 (46.9) 0.71 0.57 0.20-1.65
Region of birth .01
Africa 79 (66.4) 1.00 1.00 —
Latin and the Caribbean 22 (59.5) 0.54 0.38 0.16-0.93
Rest of the world 29 (47.5) 0.36 0.57 0.27-1.18
Europe 38 (45.2) 0.32 0.32 0.16-0.67
Yearsresident in the country 71
lorless 20 (55.6) 0.85 1.45 0.54-3.95
2-5 51 (55.4) 1.02 1.19 0.57-2.47
6-9 26 (55.3) 1.08 0.80 0.35-1.85
10 or more 71 (56.3) 1.00 1.00 —
Immigration status .57
Permanent residency 81 (55.9) 1.00 1.00 —
Temporary residency 42 (64.6) 1.40 1.46 0.65-3.27
Refugee status, unknown, or undocumented 45 (49.5) 0.77 1.03 0.45-2.35
Total number of lifetime sexual partners <.001
0-1 23(35.9) 0.29 0.20 0.09-0.44
2-5 29 (47.5) 0.47 0.39 0.19-0.80
6-10 35 (64.8) 0.93 1.00 0.46-2.15
More than 10 81 (66.4) 1.00 1.00 —
Accessto primary care <.001
No 61 (47.3) 1.00 1.00 0.20-0.70
Yes 107 (62.2) 1.82 2.67 1.43-4.97
Self-reported health status .04
Very good 49 (55.1) 0.65 0.68 0.36-1.30
Good 81 (65.3) 1.00 1.00 —
Other response 38(43.2) 0.40 0.43 0.22-0.84

Gay or bisexual men (n=492)

Current region of residence 64
Northern Europe 76 (87.4) 0.97 1.18 0.53-2.61
Southern Europe 69 (83.1) 0.70 0.72 0.32-1.66
Western and rest of Europe 282 (87.6) 1.00 1.00 —
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Factors® n (%) OR" aOR® 95% Cl P value
Age, years .35
18-24 61 (72.6) 0.34 0.53 0.26-1.09
25-34 188 (89.1) 1.00 1.00 —
35-44 115(89.1) 1.10 0.75 0.32-1.73
45-54 48 (96.0) 3.27 1.86 0.36-9.62
55+ 15(83.3) 0.54 0.56 0.11-2.82
Region of birth .87
Africa 22 (81.5) 0.71 1.18 0.31-4.48
Latin America and the Caribbean 119 (88.1) 121 134 0.62-2.87
Rest of the world 69 (87.3) 111 137 0.53-3.52
Europe 217 (86.5) 1.00 1.00 —
Yearsresident in the country 46
lorless 70 (76.9) 0.50 057 0.27-1.23
2-5 153 (87.9) 1.00 1.00 —
6-9 77 (90.6) 1.41 1.10 0.41-2.93
10 or more 127 (89.4) 117 0.81 0.34-1.94
Immigration status .86
Permanent residency 321 (87.5) 1.00 1.00 —
Temporary residency 89(87.3) 0.94 0.99 0.44-2.21
Refugee status, unknown, or undocumented 17 (73.9) 0.43 0.71 0.20-2.54
Total number of lifetime sexual partners <.001
0-10 56 (62.9) 0.06 0.07 0.02-0.23
11-20 36 (78.3) 0.13 0.15 0.04-0.54
21-50 79 (92.9) 0.47 0.53 0.14-2.01
51-100 73 (91.3) 0.37 0.36 0.10-1.33
101-500 112 (96.6) 1.00 1.00 —
501 or more 71 (93.4) 0.51 0.49 0.12-1.93

8After model selection, each gender-related group adjusted for the factors listed under the corresponding heading in the table.

POR: odds ratio.
Ca0R: adjusted odds ratio.
dCCOR: current country of residence.

Discussion

Principal Findings

This paper presentsfindings on accessto primary careand HIV
testing from the first European study focused on multiple
migrant populations. It captures a diverse sample of migrant
communitiesat risk of HIV infection, including migrant gay or
bisexua menwho form asubstantial, relatively underresearched,
proportion of the HIV epidemic in Europe. We have shown that
determinants of access to primary care are dependent on
immigration status and where an individual resides within
Europe. A high proportion of participants had previously tested
for HIV, but there is evidence that missed opportunities for
increasing the uptake of HIV testing remain. A previous history
of testing for HIV was strongly associated with sexual behavior.

http://publichealth.jmir.org/2017/4/e84/

Accordingly, low perception of risk was identified as one of
the main barriers to HIV testing among all 3 gender-related
groups.

Previous studies have suggested that cultural factors act as
barriers to health-seeking behavior among black African
heterosexuals [10,11,17,23,24]. Whereas we found that region
of origin influences access to primary care for women and
heterosexual men, perhaps providing additional evidence, this
association was hot present for gay or bisexual men and suggests
that other factors influence health-seeking behaviors in this
population. Additionally, previous studies have suggested that
African migrants have high rates of late diagnosis because this
population has different health-seeking norms or competing
priorities in comparison with Europeans [7,24]. However, this
study found