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Abstract

Chronic health conditions are a growing global health concern and account for over half of al deaths worldwide. Finding ways
to decrease the burden of and resources allotted to chronic health conditions is of primary importance. Recent advances in
technology and insights into modeling techniques offer promising approaches, which if combined, represent a novel direction

that would further advance the prevention and treatment of chronic health conditions.

(JMIR mHealth uHealth 2015;3(2):€62) doi:10.2196/mhealth.4150

KEYWORDS

mHealth; systems science; chronic health conditions; obesity; physical activity

Introduction

Chronic health conditions (CHC) account for over half of all
deaths worldwide. In the United States, 1 in 4 adultsand 1 in
15 children suffer from two or more CHC, with 86% of all
health care dollars spent on the treatment of CHC [1]. Obesity
alone isamajor population burden, with 2 out of 3 adults and
1 out of 3 youth overweight or obese in the United States [2].
Many CHC, such as aobesity, are difficult to treat due to their
complex etiologies; managing such complicated multifactorial
health conditions continues to tie up valuable health care
resources and accountsfor substantial health care costs. Finding
ways to decrease the costs and resources alotted to CHC is of
primary importance. Recent advancesin technology and insights
into the use of systems science are promising approaches.
Systems science is used to understand complex connections
between structure and behavior in a system over time. Mobile
health technology (mHealth) and systems science aretwo fields
that have separately been applied to address complex problems

http://mhealth.jmir.org/2015/2/e62/
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with some success. A combined mHealth and systems science
approach would represent a novel direction that would further
advance the prevention and treatment of CHC.

mHealth

mHealth is increasingly recognized as a tool to manage CHC,
reduce health disparities, and address complex health problems
[3-5]. In part, mHealth accomplishes this by automating
processes that are currently resource-heavy. mHealth describes
an array of technologies that encompass wireless sensors,
software, and mobile phones worn and accessed by caregivers,
patients, and individuals interested in being engaged in their
own health to facilitate collecting and communicating
health-related data. The nearly universal presence of mHealth
technology throughout most areas of health care and ubiquity
of mobile phones in the population, including underserved
populations, hold great promise for increasing the integration
of empirical real-time datainto clinical practice and expanding
the reaches of health care delivery, all to the benefit of patients
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health [3,6]. mHealth technol ogy also offers unique advantages
by being ableto collect objective, patient-generated sensor data,
such as activity and location, that are particularly important for
CHC, given the underlying importance of health habitsin most
CHC[7]. Beyond using location and activity data, mHealth has
the added ability to adapt to changes in a user’s location and
activity, to changesin the user’s environment (eg, seasons), and
to adapt to users (based on continuous feedback). As mHealth
offers the power to dramatically expand access to care through
objective data collection, increased efficiency, and enhanced
data-driven practice, the next step is to embed systems science
insights from diverse fields into mHealth technology, so that
we can enhance the capability of mHealth as an effective and
scalable tool for the prevention and treatment of CHC. One
practical example of this combined approach isin obesity care;
while an abundance of obesity- and weight management-rel ated
mHealth applications have surfaced, these applications have
yet to incorporate systems science approaches.

Systems Science

While mHealth increases efficiency through engineering
solutions, systems science provides atheory-based approach to
improve both efficiency and effectiveness. Systems science is
aparticularly useful frame to understand complex rel ationships
that are inherent in many CHC affected by biologic, social, and
environmental factors[8]. A systems-oriented approach provides
several key techniques to change behavior-an important factor
in the outcome of most CHC-including information feedback,
ownership, collaboration, competition, accountability, and
rewards. A systemsapproach works by hel ping to identify which
“levers’ to pull, and in which order, in aseries of often nonlinear
complex relationships, thus allowing complicated and dynamic
relationships to be understandable, actionable, and efficient
while providing the optimal impact. There is growing interest
in the scientific community in applying systems techniques to
understand and disentangle the complex relationships and
etiologies underlying CHC, exemplified in two 2010 Institute
of Medicine reports, one on obesity prevention [9] and one on
improving population health [10].

mHealth-Systems Science

Both mHealth and systems science offer to advance solutions
for complex CHC by streamlining efforts and focusing on the
most actionable levers. Thetwo fieldsare aligned naturally and
offer complementary approaches to improving the delivery of
CHC treatments. While using mHealth alone can impact
efficiency by automating steps and scaling up reach, an approach
already being employed to treat various chronic diseases
including obesity, diabetes, and tobacco addiction [11-14], itis
not sufficient to marshal mHealth resources to automatize
complex health problems. To truly impact the morbidity and
mortality associated with complex CHC, a multi-step staged
approach is required, an approach capable of identifying the
steps worth automating and those which can be omitted, an
approach that will increase data processing and data analysis
speeds, increase efficiency, and decrease human error without
impacting the desired primary outcome. The starting point in
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this engineering approach might be to identify all the known
and anticipated steps in an intervention, including data
collection, data processing, and decision points [15]. A weight
analysis may follow, wherein the steps that are deemed to be
most salient are prioritized for automation. The exact
determination of weights may vary depending on the CHC,
intended treatment, and resources available. For example,
importance may be placed on cost, human labor, processing
time requirements, patient preference, or anticipated prevalence
of uptake. Once steps have been identified and prioritized,
sequential automation can ensue until all the steps which have
been deemed worth automating have been automated or until
available resources (eg, time, money) have been depleted. The
specific sequence and methods used for each staged approach
will vary depending on the CHC and the treatment being
delivered; however, the common goal should be to create an
automated solution that is efficient, parsimonious (using the
fewest possible resources necessary to achieve a desired
outcome), and tailored.

The extent of automation may be integrated or complete. In
integrated automation, the goal is to enhance and facilitate
human-based care; creating a complementary approach where
complex and resource-heavy programs are made more efficient
through automation to facilitate CHC treatments. In complete
automation, the goal of automation isto remove the health care
provider from the equation altogether, such that all aspects of
CHC management, including data collection, integration, and
analysis with feedback loops, are managed electronically.
Although both scenarios are achievable, this article focuses on
integrated approaches and solutions.

We recently designed, and are pilot testing, an intervention to
increase physical activity in obese adolescents with behavior
change counseling guided by providing the adolescents with
objective information on their location and activity [16]. The
intervention was proven feasible and is effective among
adolescents. The heavy manual burden and various decisions
surrounding processing steps and behavioral counseling options,
however, illustrate the complexity of promoting healthy behavior
change and reveal the study’s limited scalability in the absence
of enhanced mHealth capahilities. In this case, mHealth can be
expanded to automate key processing steps (eg, combining
objective location and activity data) and decision points, in
addition to improving communication with participants.

The capabilities of mHealth technology can be augmented by
incorporating systems insights directly within it. For example,
intervening directly on information and social feedbacks is a
central strategy in a systems approach. Obesity has been
identified as one CHC where using systems insights to tailor
feedback can be particularly impactful [17]. These feedbacks
can maximize successful behavior change in severa ways: (1)
participant ownership in a health intervention can be increased
by directly allowing users to see and use their own data. In
addition, ownership can be further enhanced by allowing
participants to customize their mHealth application and design
alternative solutionsfor health behavior goals; (2) collaboration
can be improved by allowing study participants to be linked to
their health care provider or health coach directly via their
mHealth application and sel ect whom they wish to haveinvolved
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in counseling sessions (eg, family, parents, friends, health care
providers, or health coaches). In addition, the technology
platform can also connect participants who have similar activity
goas, thus creating emergent socia networks that are
goal-oriented and provide additional support to participants; (3)
competition can be further leveraged by alowing individuals
or groups to accumulate points over time, with top performers
viewable to everyone on a common mHealth application; (4)
goal-setting is often used to arrive at a personalized health
behavior goal, mutually agreed upon by the participant, parent,
and pediatrician. Accountability can be further enhanced using
ecologic momentary assessment techniques [18], by sending
reminders and connecting with participants to re-enforce
commitment to the program. Further, the technology platform
can also allow parents, health providers or other members of
participants’ online social network to directly check in with
participants when noncompliance with a goal is detected.
Rewards can be built into each system lever as incentives to
maximizethe likelihood of changing behavior. Several of these
techniques, including data organization, competition, and

Oreskovic et d

feedback, have previously been proposed as part of a gaming
approach to obesity self-management [19]. Gaming traditionally
limitsitsfocus on the use of “controlling” devices (eg, keyboard,
mouse, joystick), and involves tight but limited and inflexible
loops for the user. A combined systems-science mHealth
approach offers the ability to broaden the approach, by also
employing “monitoring” devices (eg, sensors), to collect
objective patient-generated data, and feeding this data into
feedback and counseling. A combined approach hasthe further
ability to tailor feedback, providing an optimized combination
of human and machine intelligence, with content and feedback
means adapted to the user.

A synergistic “mHealth-systems science” approach should be
part of the next-generation public health interventionsfor CHC.
Leveraging systems insights within mHealth technology can
further optimize behavior change strategies. As technology
becomes ever more affordable, this combined approach offers
a promising vehicle for scaling up systems-oriented behavior
change interventions to the whole population.
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Abstract

Technology ischanging at arapid rate, opening up new possibilities within the health care domain. Advances such as open source
hardware, personal medical devices, and mobile phone apps are creating opportunities for custom-made medical devices and
personalized care. However, they also introduce new challenges in balancing the need for regulation (ensuring safety and
performance) with the need to innovate flexibly and efficiently. Compared with the emergence of new technologies, health
technology design standards and regul ations evolve slowly, and therefore, it can be difficult to apply these standards to the latest
devel opments. For exampl e, current regulations may not be suitable for approachesinvolving open source hardware, anincreasingly
popular way to create medical devices in the maker community. Medical device standards may not be flexible enough when
evaluating the usability of mobile medical devicesthat can be used in a multitude of different ways, outside of clinical settings.
Similarly, while regulatory guidance has been updated to address the proliferation of health-related mobile phone apps, it can be
hard to know if and when these regulations apply. In this viewpoint, we present three examples of novel medical technologiesto
illustrate the types of regulatory issues that arise in the current environment. We also suggest opportunities for support, such as
advances in the way we review and monitor medical technologies.

(JMIR mHealth uHealth 2015;3(2):e64) doi:10.2196/mhealth.3918
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governmental regulations; health services; medical devices; mHealth; mobile phones; open sourceinitiative; software; standards;
technology

Introduction clinical settings [4,5] and technology can be used to address

In recent years, there has been a rapid, major, and continued
advance in scientific discovery and technology proliferation
that providesthe meansto support health care in new ways. For
exampl e, the percentage of UK adults who own amobile phone
hasrisen from 39% to 51% injust 1 year [1]. The proliferation
of maobile phones and pervasiveness of health apps [2] allow
patients to manage and track their health conditions on the go,
which turns mobile phonesinto atool for health-related behavior
change [3]. This means that care can be provided outside of

http://mhealth.jmir.org/2015/2/e64/

RenderX

growing health care demands, such as an increasing prevalence
of chronic conditions and aging populations [6].

A growing number of medical and health-related technologies
becoming available can be adapted to support personal care,
both in terms of customized hardware and software. For
example, electronic devices are not only becoming ubiquitous,
but are also easier to make; three-dimensional printers are
becoming significantly cheaper (the market is predicted to grow
by 500%in 5years[7]). Three-dimensiona printers are devices
that create three-dimensional objects based on an electronic

JMIR mHealth uHealth 2015 | vol. 3| iss. 2 |e64 | p.8
(page number not for citation purposes)


mailto:c.vincent@ucl.ac.uk
http://dx.doi.org/10.2196/mhealth.3918
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH

data source containing a three-dimensional model. As aresult,
these printers have opened up the possibility to produce
custom-made medical devices as needed, where needed [§],
which is sometimes referred to as “hyperlocal micro
manufacturing” [9]. These types of advances will continue to
provide solutions to health care problems that seemed near
impossible to solve a decade ago, and they generate their own
unique considerations about how these technologies fit into
existing regulatory frameworks.

The need for regulation has long been established in the health
care domain and has led to manufacturers considering safety
during the design and evaluation of medical devices [10] (for
aUS perspective on ethical standards, see[11]). Medical device
manufacturers often use medical device standards (eg, [12]) to
guidetheir design and production processes and to comply with
regulatory requirements. For example, the |IEC 60601 [13] series
puts in place requirements relating to safety and effectiveness,
focusing on various aspects of the product (eg, electrica
integrity, alarms). The IEC 62366 [14] standard describes a
usability engineering process, to satisfy similar requirements,
which islinked to arisk analysis standard (1SO 14971 [15]).

Unfortunately, novel and personal medical technol ogies do not
always fit into the process specified in standards because they
move away from what is currently and generally accepted as
good practice to a situation in which there may be little or no
precedent for comparison. Health care technology innovation
may be hurt by the current regulatory system [16]. Sometimes
standards do not provide sufficient design and eval uation criteria
for novel technologies that differ significantly from equivalent
predecessors,; sometimes regul ation may stifleinnovation to the
point where new technology cannot benefit the health care
system (eg, through the time or cost constraints); however,
sometimes existing systems may not be applied at al, or they
are not applicable when it comes to modern technol ogy.

In this paper, we open a discussion about the challenges to
existing regulatory systems posed by novel and personal health
care technologies. By presenting three examples that we have
encountered as part of our research, we highlight some of the
issues. First, we describe an open source infusion pump that
raises questions about how to control the quality of custom-made
medical devices. Next, we present our research on mobile
medical devices that challenges the methods of evaluation set
out in current medical usability standards. Finally, we discuss
the design of amobile phone app for medication adherence that
may or may not be governed by the existing regulations.
Although papersfocusing on regulatory challenges have aready
been published (eg, [17]), we contribute to the discussion by
introducing three case studies, outlining the issueswith standards
and regulations, and proposing ways to address these issues.

http://mhealth.jmir.org/2015/2/e64/
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Novel Health Care Technologies

Overview

The following examples describe the tension between health
care innovation and regulation. They come from research
conducted as a part of the Computer-Human Interaction for
Medical Devices(CHI + MED) project, focusing on developing
tools to support safe and usable health technology (medical
devices). The following section presents three technologies:
open source hardware, mobile health care technologies, and
health-related mobile phone apps. It describes the regulatory
challengesthat may be encountered in the development of these
kinds of devices, and identifies opportunities for addressing
these issues.

Example 1. Open Source Medical Devices

Background

Open source hardware is an emerging business model where
the design files of a product, including the circuit schematics,
source code, and physical design, are made publicly available
under a license so that anyone can study, modify, distribute,
make, and sell the design or hardware based on that design. In
recent years, three-dimensional printers have made possible a
rapid production of customized medical devices[8], from fitted
mechanical limbs[18] and mobile phone-connected microscopes
[19] to partsfor syringe pumps (as shown in Figure 1). Coupled
with an open source approach, more can be achieved with less
cost, because production can occur in-house, based on a freely
available design.

Building on work of the Michigan Tech Open Sustainability
Technology (MOST) group [20], we are demonstrating the
process of building an open source syringe pump that
implements design principles and interface guidelines published
as part of the CHI + MED project. We are creating a complete
open platform for further research and development [21]. Design
filesand software made public by MOST, under an open source
license, are at the core of the project. The approach not only
leads to economic savings through areduction in the life-cycle
cost [22], but also it allows others to improve on the design,
share the improvements with others, and get rapid feedback
from the end user. This openness can benefit multiple
stakeholders and lead to effective technology and improved
patient outcomes (for equivalent arguments relating to open
source software, see[23]). It can also allow staff from hospital
departments such as medical physics and clinical engineering
to repair and customize their own devices, reducing areliance
on external providers.
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Figure 1. Three-dimensiona printing technology (image credit Gerrit Niezen; image license CC-BY).

Regulatory Challenges

The ability to modify someone else's designs and the ease of
rapid and unique production could interfere with formal
quality-control processes, implicit in the existing medical device
regulation. Although three-dimensional printing is a tool for
prototyping and not for long-term use and reuse, it is possible
to see how this technology could be used for the latter purpose.

Existing standards may not be practical as the documentation
required for review and approval may be disproportionate when
the designislimited to avery small number of production units.
While the steps that are followed during the development and
testing of medical devices are specified and controlled by
standards (in the European Union, those listed in [12]), the
process followed during the aforementioned activities may be
ad hoc. For example, processes specified in medical device
standards were created with traditional manufacturing process
in mind. At a certain point, a design would be frozen and
considered complete. Thisis not the case when devices can be
continuously improved upon by the creator and others. The need
for documentation and testing that closely adheresto standards
may remove the flexibility that novel approaches bring.
Repeated design changes and the requirement for oversight from
a review body may be cumbersome on both sides. Although
there are many advantages to realizing the benefits of existing
process, systems need to be made agile and proportionate.

http://mhealth.jmir.org/2015/2/e64/
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Opportunities

With an open source approach, there is an opportunity to share
the rational e behind the design, the process used to derive the
design, as well as the design itself. For example, online
documentation tool s such aswikis and version control software
can be adapted to provide a better overview of the devel opment
workflow and processthat has been followed. It isalso possible
to share evaluation results; if acomponent or design hasevolved
over time, knowing how and why this has happened could help
those at distance understand the constraints of a solution.
Through sharing and periodically updating these documents,
duplication of effort can be avoided. For example, it does not
always make sense for the same component to undergo the same
testing by multiple parties. Moreover, documentation can be
scrutinized by multiple speciaists, without being confounded
by the proprietary nature of “closed” solutions. Therefore, rather
than requiring the same documentation as that for traditionally
manufactured devices, regulation could involve transparent
records of al components and changes made to those
components, including the rationale and assumptions. This
would hel p to support the quality of such deviceswithout stifling
innovation, with the onus being on those implementing a
solution to check and review these documents.
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Example 2: Mobile Health Care Technologies and
Home Use Devices

Background

Given the need to support care outside of clinical settings,
technologies are also being developed to provide increasing
autonomy and self-care. Our research on CHI + MED
investigates how people use technology to manage their health
care needs during their day-to-day lives. One such set of
technologies includes devices used in the self-management of
type 1 diabetes, a complex chronic condition that requires
significant persona responsibility over a lifetime [24]. A
common form of diabetes technology is the glucose meter that
isused to measure blood glucose level sfor everyday medication
dose calculations, aswell asfor identifying high and low blood
sugar levels, which are dangerous in the long term and

Figure 2. Everyday life and a glucose meter (image credit Aisling Ann O'Kane; image license CC-BY).

Regulatory Challenges

Mobile health care technol ogies used for self-management, such
as glucose meters used by people with diabetes, are medical
devicesand areregulated as such. Standard usability engineering
process applies, such as |EC 62366 [14], for these cases.

These personal health care devices are used in the context of
people's everyday lives, yet the design and evaluation involves
the same usability standards as medical devices found in
hospitals. The definition of usability isthe same (see[14]). The

http://mhealth.jmir.org/2015/2/e64/
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potentially fatal in the short term, respectively [25]. Thanksto
advancesin technology and human factors engineering, glucose
meters can be used by peoplewith minimal or no training. They
are easier to carry, easier to use, and can store results. This
empowers people with diabetes and grants independence [26].

However, our work shows that complexities of everyday life
such as people’s work life, romantic life, friendships, hobbies,
travel, holidays [27], or whom they are with [28,29] impact on
the use of these devices (Figure 2). Understanding these factors
is incredibly complex [30], but necessary to ensure glucose
meters are reliable and meet users needs. The problem is that
the eval uation methods suggested by standards are not adequate
in addressing everyday use, as they have been devel oped with
a focus on technology used in clinical environments, where
there is more certainty about the characteristics of the work
place and levels of training.

focus is on the device's effectiveness, efficiency, ease of
learning, and user satisfaction, in what is assumed to be a
controlled context. This standardized usability evaluation
practice makes it difficult to support the range of individual
needs of users outside clinical environments: in their homes,
on the go, as a part of their everyday life. This can be seen by
accounts of the application of standard usability engineering
process [31], such as|EC 62366 [14]. Although such standards
are voluntary, and the techniques are illustrative, many
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companiesfedl that they have little option but to adhereto their
content [32].

Although standards such as IEC 62366 [14] suggest taking
context into account using techniques such as task analysis,
contextual inquiry, functional analysis, testing in simulated
clinical environments, and field testing, how they might be
adapted or tailored to represent the unstabl e context of everyday
life is not elaborated on. These methods may not capture the
influences that a person’s life might have on the safe use and
adoption of these devices, outside the confines of a hospital.
Influences could include the emotional aspects of self-care or
the social impact of bystanders, when using a device in front
of others.

Likewiseg, it can be unmanageabl e to scope everyday health care
technologies, for the purposes of making assumptions about
their use. Pervasive technologies are used by al sorts of people,
inall sorts of situations, and in all sorts of contexts. Individual
differences are inevitable, and they have been shown to impact
users experience and challenge the design and devel opment of
products[33]. Thisraises concernsfor health care technol ogies
where differences might result in safety risks.

These concerns can be addressed by limiting the scope to a
certain user profile or context, but this may not be possible for
medical technologies designed for a particular condition, not
for a particular user group. Another approach is to configure
products based on user needs, for example, allowing
customization of the exterior shell [34] and/or alowing
configuration of the user interface. This poses a dilemma for
evaluation in that as the number of possible configurations
increases, the burden associated with management, eval uation,
and support also increases [35,36]. On the one hand, allowing
for flexibility reduces the chance of nonadoption or
noncompliance; on the other hand, complexity in the product
adds to the resource required to develop and maintain it.

Opportunities

One option would be to increase emphasis on postmarket
assessment, such as monitoring the use of equipment in context
(including self-report), alongside conducting research to
understand how users are realy experiencing this type of
equipment. Exploratory qualitative methods have been applied
in other domains to focus on the situated use of interactive
devices and they are also relevant here.

For instance, diary studies [37] involve users taking note of
when, where, how, and why they use their device in their
everyday life. They avoid the invasiveness of observation.
Autoethnography, aform of self-study, isaquick and easy way
to probe the everyday use of mobile medical devices[30]. Even
though there has been progress toward using exploratory
methods to investigate the context of use [38], standards are
lacking in their treatment of situated user experience. Situated
user experience relates to the notion that the localized context
isan important factor in determining how peoplewill experience
and interact with technology. Asit has been shown that context
influences the use of pervasive health care technologies [30],
testing technol ogy away from this context (e.g. in alaboratory)
does not anticipate how well the technology will meet the needs
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of the user. There is therefore an opportunity for standards to
support consideration of a broader range of context, given the
mobile nature of devices, and use outside of clinical settings.
The inclusion of exploratory qualitative methods would allow
for this by probing context of use and revealing of individual
differences.

Example 3: Health-Related M obile Phone Apps

Background

Whereas personal medical technol ogies can provide benefitsto
those who require specific equipment, dedicated mobile phone
apps have potential to be advantageousto almost anyone. People
have access to thousands of free health-related mobile phone
apps[39,40]. They range from behavior change apps supporting
people who want to improve their health and well-being [3],
for example, apps supporting smoking cessation (eg,
SmokeFree28 [41]), or providing informed choice regarding
alcohal intake (eg, Drinks Meter [42]), to apps focusing on
specific conditions (eg, pain management [43]). They can be
used to prevent forgetfulness (eg, medication reminder apps
[44]) and general adherence support apps [45]. As people tend
to keep their mobile phones close and hardly ever switch them
off, health apps can provide useful functions at any time. They
are aways at hand to help track the on-going behavior.

Another (currently unreleased) example would be a software
app to support oral contraception adherence. We are currently
researching how mobile phone apps could be used to reduce
unintentional nonadherence. This involves developing a
medication reminder app that supports the formation of
medi cati on-taking habits and assists users asthey search for the
best way to embed medication taking into their daily routine;
how this could be achieved is described in [44]. One of the
major challenges to understanding the approach required to
evaluate this type of software is the fact that it is not entirely
clear whether an app should be regulated as amedical device.

Regulatory Challenges

During our research we have identified many issues concerning
the certification of health-related apps. One example relates to
the wording that is used to describe them. Many apps make
medical claims and by doing so, could pose a serious public
health issue, especially they areif ineffective or inaccurate [40].
Regulation is required and although guidance on health-rel ated
software and apps exists [46-49], it may not be clear whether
such apps should be covered by regulations. Moreover, when
considering the market asawhol e, regulations may be bypassed
and in some cases, ignored. In the European Union, in some
cases, health-related apps fall under the control of the medical
devices directive. In this scheme, assuming the software is not
an accessory to a device, classification rules can treat medical
standal one software as a comparatively low risk [49]:

“The classification ruleswere not written with softwarein mind.
Due to the restrictive nature of Rules 9-11 of Annex IX to
Directive 93/42/EEC, a large number of software devices
therefore fall in Class |, where compliance is based on
self-declaration, ie, no third party assessment.”
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Asaresult, the product can be self-certified by the organization
producing it. Thisraises concerns about thelevel of peer review
and testing that this type of software receives.

In other cases, software can be used in a medical context, but
not for a medical purpose, and not considered to be a medical
device. For example, based on similar UK Medicinesand Health
Care Products Regulatory Agency (MHRA) advice, an app
could use an accelerometer or gyroscope to detect falls in
epileptic patients and therefore be regulated asamedical device.
However, if the same technology is used to measure steps or
detect whether an elderly person has got up from a chair or a
bed in asocial care context, the regulation would not apply [47].
Thisisimportant because it impacts on the type of testing that
would apply (both in terms of usability and general safety and
performance requirements), as well as the approach to
monitoring the devicein situ.

To help determine whether an app should betreated asamedical
device, the MHRA has produced the following list of keywords
and phrasesthat if used in the app’s description indicate that it
should be regulated: amplify, analysis, interpret, alarms,
calculates, controls, converts, detects, diagnose, measures, and
monitors [47]. Take the example of an app that aims to send
alertsto usersto check whether they have taken their medication
and records how many times they say they did not. Based on
thisinformation, it can suggest changesto theroutine. Therefore,
it could be said that the app monitors users and occasionally
alarmswhen their behavior needsto be modified. Doesit mean
the app should be certified?

If the app islabeled as atool for supporting medication-taking
habits, then the answer is likely to be yes. However, if the
wording changes to ssimply habits, then even though the
functionality staysthe same, doesthe answer become no? Such
a small change in wording could be enough to avoid device
regulations, but it might not even be needed. Some developers
simply publish their health apps without worrying about
regulations at all, whereas others add liability disclaimers to
app descriptions [40]. Based on the US guidance relating to
mobile medical applications[46], “Mobile appsthat keep track
of medications and provide user-configured reminders for
improved medication adherence” are an example of “...mobile
appsfor which FDA intendsto exercise enforcement discretion”
[46].

Based on both US and UK frameworks, this type of app may
or may not be regulated. This problem has been covered in
recent UK mediareports[50], wherethere are several examples
of gray areas and products that sit on the boundary. In many
respects there is not anything new about technologies that sit
on the boundary between regulated and unregulated products.
The concern isthat the assumptions used to determine whether
technology isregulated asamedical device may not reflect how
thetechnology isactually used (eg, unregulated apps being used
in a context when a regulated app is appropriate).

Of specific concern is the quality of the software code and
process used during programming, which may beinvisible once
the software has been released. Even if thereisintent to follow
medical device standards, they may be difficult to realize in
practice. For example, the medical device usability standard
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IEC 62366 [14] combines evaluation of safety and usability,
which may be in opposition to each other [35]. Other standards
may be insufficient when it comes to the testing of software:
they may not require exhaustive testing, complete coverage, or
proof that a solution is correct by construction [51]. This is
evident in the number of software-related defects observed in
medical device user interfaces[52].

Opportunities

Because of the intangible nature of apps and the fact that they
can be easily updated in situ, assessment and classification at
asinglepointintimemay not befeasible or appropriate. Obiodu
and Obiodu [40] suggest that one way to deal with the issue of
certification might be producing evidence-based guidelines for
designing health appsrather than trying to strictly regulate them.
We agree with this point, but would see an opportunity to take
this further. Rather than just relying on guidelines issued by
authorities, patient groups could produce best practice guidelines
for specific conditions and, by following the example of open
hardware initiatives, publish them openly to encourage
collaboration with other patient groups, app developers, and
mobile phone manufacturers, who are already starting to release
health care kits [53].

Conclusions

For medical technology, standards and regulations are needed
to ensure saf ety, protect the public, and guarantee that products
are fit for purpose. However, in the context of novel and
personal medical technologies, the current approach to
regulation is not only infeasible and difficult to enforce, but
also work against health care innovation. Given that it is
inevitable that three-dimensional-printed components, mobile
devices, and apps will be used to support and deliver health
care, aswell ashaveimpact on medical practice, regulators may
need to rethink their approach.

Based on our work, we have presented the benefits of new
technologies and personal medical devices. In many cases,
growing pressure on health services makes their introduction
inevitable. At the same time, we have outlined some of the
regulatory challenges. For example, by alowing for rapid
manufacturing of bespoke components, three-dimensional
printing raises concerns regarding quality control; the standards
underpinning the usability of personal mobile medical devices
are not enough to guarantee the “design meets users’ needs’
concept; in addition, mobile phone apps may or may not be
certified, depending on how a product is described. These
challenges open up new possibilities and encourage new ways
of thinking.

The health care domain is not the only one feeling the impact
of these technologies. The situation resembles the issues with
touch-screen tablets being used in the office environment.
Although office work and office equipment are regulated (eg,
computer workstations), the health and safety regulations are
unlikely to apply to tablet computers when it is not possible to
easily control how or where they are being used [54]. Rather
than trying to regulate them, different, moreflexible approaches
are needed. For example, by shifting focus away from the
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introduction of technology, and toward educating users about
the implications of using it (eg, raising awareness of human
factors), we allow those in different environments to make sure
their technology is safe and fits their needs. Although due
diligence occurs during the design of technology, continual
research and review aims to tailor the properties of equipment
with the needs of users and characteristics of the work
environment.

The same could apply to novel and personal health care
technologies. When it comesto testing for usability, we cannot
predict every possible combination of user and usage beforethe
deployment of technology. The aternativeisto conduct research
into how equipment is really used. We then redlize that
improvement will occur when a device isin situ, and this will
be specific to agiven context. Aswe can rapidly iterate adesign,
we can continually improve and share the benefit of this
improvement. Much of the existing guidance concerning safety
and usability needs updating to accommodate this approach.
There also needs to be a consideration of how adequate levels
of safety can be guaranteed, without making it prohibitive for
small organizations to create products with relatively short life
cycles. The problem with the existing approach to regulation is
that historically, those producing technology would be likely
to stay in business for extended periods, compared with the
hobbyists and small organizations producing apps, who would
rapidly develop and rel ease technology, but then may not bein
place to support it in the future. In the past, we had traceability
and accountability, whereas in the present we have little
recompense if something goes wrong.
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research on the challenges of regulating health technology. We
hope to start a discussion about the obstacles and opportunities
in addressing the design of novel technol ogieswithin regulatory
frameworks. Given the need to address the increasing pressures
on health services, this discussion is urgently required. Future
research could apply a structured methodology to review this
context and a case study approach [60], to articulate practical,
balanced, and proportionate approaches in line with this
discussion.
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Abstract

Background: There is increasing interest in using smartphones as stand-alone physical activity monitors via their built-in
accelerometers, but there is presently limited data on the validity of this approach.

Objective: The purpose of this work was to determine the validity and reliability of 3 Android smartphones for measuring
physical activity among midlife and older adults.

Methods. A laboratory (study 1) and afree-living (study 2) protocol were conducted. In study 1, individuals engaged in prescribed
activities including sedentary (eg, sitting), light (sweeping), moderate (eg, walking 3 mph on a treadmill), and vigorous (eg,
jogging 5 mph on a treadmill) activity over a 2-hour period wearing both an ActiGraph and 3 Android smartphones (ie, HTC
MyTouch, Google Nexus One, and Motorola Clig). In the free-living study, individuals engaged in usual daily activities over 7
days while wearing an Android smartphone (Google Nexus One) and an ActiGraph.

Results: Study 1included 15 participants (age: mean 55.5, SD 6.6 years, women: 56%, 8/15). Correlations between the ActiGraph
and the 3 phones were strong to very strong (p=.77-.82). Further, after excluding bicycling and standing, cut-point derived
classifications of activities yielded a high percentage of activities classified correctly according to intensity level (eg, 78%-91%
by phone) that were similar to the ActiGraph’s percent correctly classified (ie, 91%). Study 2 included 23 participants (age: mean
57.0, SD 6.4 years, women: 74%, 17/23). Within the free-living context, results suggested a moderate correlation (ie, p=.59,
P<.001) between the raw ActiGraph counts/minute and the phone's raw counts/minute and a strong correlation on minutes of
moderate-to-vigorous physical activity (MVPA; ie, p=.67, P<.001). Results from Bland-Altman plots suggested close mean
absol ute estimates of sedentary (mean difference=—26 min/day of sedentary behavior) and MV PA (mean difference=—1.3 min/day
of MVPA) although there was large variation.

Conclusions: Overal, results suggest that an Android smartphone can provide comparabl e estimates of physical activity to an
ActiGraph in both a laboratory-based and free-living context for estimating sedentary and MVPA and that different Android
smartphones may reliably confer similar estimates.

(IMIR mHealth uHealth 2015;3(2):e36) doi:10.2196/mhealth.3505
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Introduction

Reduced sitting time and increased moderate-to-vigorous
physical activity (MVPA) confers an array of health benefits
[1-3]. Identifying cost-efficient solutions for tracking physical
activity passively has become an important scientific objective
[4]. Previous research on activity monitoring has focused on
devices dedicated solely to this purpose, such asthe ActiGraph
accelerometer (ActiGraph, Fort Walton, FL, USA). Indeed, this
trend of dedicated activity monitoring devices has continued
with consumer devices such as the Fitbit, Jawbone UP, and
Misfit Shine, among others. Thereisalso increasing interest in
improving physical activity detection through multiple sensors
[5,6], but these added sensors (eg, heart rate, global positioning
systems) often impact the ability to enable long-term monitoring
[4] in context.

One potentially cost-efficient and |ow-burden mechanism for
tracking daily physical activity is the smartphone [6,7]. The
smartphone includes a variety of advantages that make it an
excellent stand-alone device. Specifically, smartphonesinclude
avariety of sensors, such as built-in accelerometry and global
positioning system (GPS), increasingly powerful computing
capabilities, large data capacity, wireless connectivity to other
sensors (eg, connectivity to weight scales or blood pressure
monitors), and I nternet access. Thesetechnical capabilitiesallow
smartphones to track, process, and send physical activity
information while also functioning as a“hub” for other health
information [7,8]. Beyond these technical capabilities,
smartphones often accompany individuals throughout the day
and, thus, easily fit into an individual’s daily routine.

At present, thereisrelatively little systematic research exploring
how accurately physical activity can betracked viasmartphones.
Some studies have explored the utility of ecological momentary
assessment (EMA) via smartphones [9], activity recognition
using machine learning/neural network analyses [10-13], and
activity classification via an iPod Touch for older adults [14].
There remain many unresolved questions related to tracking
physical activity via smartphones. For example, although there
was a study examining tracking among older adults, the vast
majority of research is conducted among younger cohorts. The
ActiGraphisawell-validated accel erometer commonly used in
epidemiological, surveillance, and intervention research to
quantify physical activity [1,15-18]. As such, a comparison of
physical activity estimates collected via smartphone versus
ActiGraph accelerometry would provide insights into whether
a common smartphone could provide estimates of physical
activity with similar levels of accuracy to this common
field-based assessment strategy. This would be valuable based
on the large body of research linking these cut-point-based
estimates of sedentary, light, and moderate-to-vigorous levels
of physical activity to health outcomes [1,15-18]. These data
are largely absent for more advanced machine learning
techniques of activity classification; thus, comparison to
cut-point-based estimates is a scientifically important question
until the health linkages to the more advanced analytic
techniques can be made.

http://mhealth jmir.org/2015/2/e36/
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The purpose of this work was to determine the validity and
reliability of Android smartphonesfor tracking physical activity
utilizing cut-point—based methods of activity classification. In
particular, we sought to determine the validity of Android
smartphones for categorizing physical activity into sedentary,
light physical activity, and moderate-to-vigorous levels of
physical activity in a laboratory setting. We also explored
interdevice reliability by comparing the estimates from 3
Android phones used simultaneously in the laboratory. Finally,
we sought to determine the validity of the smartphones by
comparing daily estimates of physica activity between the
ActiGraph and an Android smartphonein afree-living context.

Methods

Overview

We conducted both a laboratory-based and free-living study.
In the laboratory-based study (study 1), individuals engaged in
prescribed activities of various intensities over a 2-hour period
wearing both an ActiGraph and 3 Android smartphones (ie,
HTC MyTouch, Google [manufactured by HTC] Nexus One,
and Motorola Cliq) all worn both on the hip and in the pocket.
In the free-living study (study 2), individuals engaged in usual
daily activities that were tracked over a 7-day period via an
Android smartphone (Google Nexus One) and an ActiGraph.

Study 1. Laboratory Study

Participants

Participants were a convenience sample of 15 midlife and older
adultsliving in the San Francisco Bay areain California. Midlife
and older adults (ie, aged 40 or ol der) were chosen because they
represent an understudied population for activity classification
and because the algorithms developed were explicitly being
devel oped for asmartphone-based physical activity intervention
[8]. Participants were recruited via word of mouth,
advertisements, and email listservs. Participants completed the
Physical Activity Readiness Questionnaire (PAR-Q) to ensure
that they could safely engage in physical activity [19].

Procedures

The procedures for this study were similar to previously
published work conducted by the study investigators [20].
Specifically, al participants completed a written informed
consent that was approved by Stanford University’s Human
Use Committee. Participants were asked to wear an ActiGraph
GT3X+ accelerometer on their nondominant hip along with the
3 Android smartphone phones aso on the nondominant hip.
Participants were asked to wear clothing to the laboratory
session that was suitable for exercise and had pockets.

The ActiGraph GT3X+ is a small, electronic, triaxial device
that isworn on the waist and measures activity “counts’ (epoch
set to raw for the 3 axesfor this study but converted to 1-minute
valueswith just the vertical axisfor comparison with previously
validated cut-point calculations) [1,21,22]. The 3 smartphones
were chosen because at the time (2009) they were common
Android devices and because comparison between the 3 phones
would provideinsightsabout reliability both within and between
manufacturers. The Android platform was chosen because it
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allowed the built-in accelerometer to run continuously and
because there is increased use of the Android phones,
particularly among lower income groups.

We chose to include 3 different Android smartphones to gauge
the reliability and validity across manufacturers (ie, Motorola
vs HTC) and within manufacturer by using different firmware
versions of Android (ie, Nexus One vs MyTouch). After
attaching the devices, participants were asked to engage in a
seriesof activitieswhilewearing the ActiGraph and the Android
phones (see Figure 1 for alist of activities). Each activity was
conducted for 5 minutes followed by a transition period to the
next activity. The overall protocol lasted approximately 2 hours

Hekler et d

per participant. For some activities, particularly running on the
treadmill a 5 mph, participants were given the option to opt
out if they were not able to accomplish it safely.

A conversion was required to trandate the raw values gathered
from the smartphonesinto values similar to ActiGraph “ counts.”
To calculate these phone-based counts, the first step was the
use of a low-pass filter to account for the effects of gravity,
followed by the calculation of an area under the curve
measurement that represented total movement detected by the
accel erometers. Thistechniqueiscommensurate with previously
published work [20].

Figure 1. Phone to ActiGraph comparison across activities (laboratory study).
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Data Processing

Standard data processing techniques for calculating
cut-point-derived estimates of sedentary, light physical activity,
and moderate/vigorouslevel s of physical activity were used for
processing the ActiGraph data based on previously published
work on meaningful cut-pointsamong older adultsfor sedentary

http://mheal th.jmir.org/2015/2/e36/
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(<100 counts) and moderate-to-vigorous intensity physical
activity (>1951) [1]. These included setting the sampling rate
for the ActiGraph to 80 Hz and gathering raw data acrossthe 3
axes, which was then converted into counts using ActiLife 6.1
software (ActiGraph, Pensacola, FL, USA) based on the vertical
axis. For the phone data, a custom app was developed that
allowed for raw accel eration values similar to ActiGraph counts
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to be attained. For all phones, the custom app sampled at the
maximum rate allowed for each phone (ie, 20 Hz for the HTC
MyTouch and Google Nexus One; 80 Hz for the MotorolaCliq).

Statistical Analyses

Wefirst calculated an intraclass coefficient (ICC) reflecting the
effect of individual variability on observed counts. Our analyses
found that the within-subject variance was effectively zero
across al possible comparisons using a leave-one-out
cross-validation method for each mixed model analysis
described subsequently. Based on this and that the counts were
not normally distributed, Spearman rank order correlationswere
deemed an acceptable method for determining these
associations. Mixed model analyses [23] were conducted to
create a regression equation comparing each phone to the
ActiGraph. The regression equations were validated utilizing a
leave-one-out cross-validation procedure for each subject’'s
activity ashasbeen used in previousresearch [21]. Becausethe
cut-point-based classification via the ActiGraph is known to
have difficulties with properly estimating cycling activitiesand
standing [24], and because phones worn in the pocket would
likely affect the phone's counts, a variety of datasets with
different filtering criterion were explored (eg, hip-only data, no
biking and standing activities included).

Aspreviously mentioned, we used fairly standardized cut-point
values for ActiGraph counts of sedentary physical activity (ie,
ActiGraph counts<100) [1,25] and MV PA (ie, ActiGraph counts
>1952 [26]) because they have been validated among older
adults specifically [1]. We utilized our regression equation (ie,
phone cut-point values= beta* [imputed ActiGraph cut-point
values] + intercept) to convert the validated ActiGraph
cut-pointsinto Android phone cut-points for the phone counts.
We then utilized these derived phone-based cut-points to then
label each minute of measured data viathe phones as sedentary,
light physical activity, or moderate-to-vigorous levels of
physical activity.

We used standard conventions for labeling the strength of our
Spearman correlations (ie, very weak=0-.19, weak=.2-.39,
moderate=.4-.59, strong=.6-.79, and very strong=.8-1.0 [27]).
Within the laboratory study, we had known activities with
known metabolic equivalent (MET) values based on the
Compendium of Physical Activities [28]. We calculated the
percentage of total observations each phone correctly classified
each activity as sedentary, light, or moderate-to-vigorous. To
support interpretation of these percentages, we utilized the
percent correctly classified by the ActiGraph minus 5% as the
range for acceptable percent classification, similar to previous
work [15]. For example, if the ActiGraph correctly classified
70% of total activities, the comparable range for the phones
would be 65% or greater.

Study 2: Free-Living Study

Participants

Participants were a subsample from the previously reported
Mobile Interventions for Lifestyle Exercise and eating at
Stanford (MILES) study and, thus, recruitment procedures have
been reported previously [8]. In brief, the target population
consisted of community-dwelling adults in the San Francisco

http://mhealth jmir.org/2015/2/e36/
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Bay area aged 45 years and older who were insufficiently
physically active (ie, engaged in less than 60 minutes of
self-reported MV PA per week), self-reported typically sitting
for 10 or more hours per day, were able to participate safely in
aphysical activity program based on the PAR-Q [19], and were
currently using a mobile phone but not a smartphone. In
addition, participants were excluded if they did not provide
sufficient data to complete the analyses (eg, insufficient wear
time of the phone or ActiGraph; see data processing described
subsequently).

Procedures

For this validation study, only the baseline phase (i€, the first
week when no intervention was provided) from the MILES
intervention study was used. Participants were requested to
continue with their normal physical activity during the baseline
phase. All participants (N=23) were provided a Nexus One
smartphone equipped with a custom app for tracking physical
activity via the built-in accelerometer and aso wore an
ActiGraph (GT3X+), utilizing standard quality control
procedures for the ActiGraph [29]. Participants wore the
ActiGraph accelerometer for at least 7 days (our request was 7
days, but due to scheduling issues some individuals wore the
ActiGraph longer). Participants were asked to wear the
ActiGraph and smartphone at the same times during waking
hours. Participants wore the ActiGraph on their hip and were
allowed to wear the smartphone either on the hip or in their
pocket. After the baseline week, participants reported where
they wore the phone and exploratory analyses suggested that
placement did not influence any of the results (which were
in-line with our laboratory-based study as described
subsequently).

Data Processing

Data compliance and cleaning procedures for the ActiGraph
and smartphone were consistent with other large-scale
cross-sectiona accelerometer studies[25,30], such that (1) valid
hours of data consisted of no more than 60 consecutive “zero”
values (interpreted as nonwear time) and (2) a valid day was
defined as at least 10 valid hours/day for both the Nexus One
phone and the ActiGraph. We included this 10-hour stipulation
for both phones to ensure comparable wear time (note: in
separate analyses not reported, there were no significant
differencesin wear time between the Acti Graph and Nexus One
phone and individuals did wear them at the same times
throughout the day). We did not include a stipulation on the
number of valid days an individual must complete to be part of
the study. Instead, we included any day that included both valid
ActiGraph and smartphone accelerometry data. The same
cut-points that were used in the laboratory-based study were
used in the free-living study for the ActiGraph [26,31] and the
phone cut-points were based on the regression equations
calculated in the laboratory-based study.

Statistical Analyses

Although ICC were originally used, we again found minimal
within-person variation. As such, Spearman rank order
correlations were calculated between the ActiGraph and
smartphone. In addition, Bland-Altman plots[32] were created
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to compare the difference between the estimates of minutesin
each activity intensity per day between the ActiGraph and the
smartphone utilizing similar procedures reported previously
[29]. Asisconvention with Bland-Altman plots, acriterion level
of agreement that would be expected is required for proper
interpretation of the mean difference and variance calculation.
We assumed that a mean difference of less than 10 minutes
congtituted agreement for MV PA based on national guideline
recommendations suggesting clinically meaningful activity
occurring past the 10-minute threshold [3]. There is no
consensus on what “meaningful” differences in sedentary or
light activity might be. Nonethel ess, based on our own previous
work [1], we postulated that mean differences greater than 60
minutes for sedentary and light activity would suggest poor
agreement. For this study, we did not have a “gold-standard”
measure of sedentary, light physical activity, and
moderate-to-vigorous levels of physical activity but instead a
well-validated field measure, the ActiGraph. Without a
gold-standard metric, it is hard to determine what the “right”
answer should be. Thisisimportant to consider with regard to

Hekler et d

interpretation of the confidence intervals because wide
confidence intervals could occur based on error from both the
ActiGraph and the smartphone. As such, although we report
confidence intervals in our Bland-Altman plots, we suggest
caution in overinterpretation of these confidence intervals.

Results

Study 1: Laboratory Study

Therewere atota of 15 participants (age: mean 55.5 years, SD
6.6, range 43-65; women: 56%, 8/15; education: mean 16.25
years, SD 1.6) who participated in study 1. A list of the activities
inthe laboratory study can befoundin Figure 1. Table 1 reports
Spearman rank order correlations between the ActiGraph counts
and the 3 phones. Overall, results suggest strong correlations
between the ActiGraph and the 3 phones and between the 3
phones (p=.90). Figure 1 is a visual representation of all
activitieswith color-coded labeling to identify the classification
of each activity as sedentary, light physical activity, or MVPA.

Table 1. Spearman rank order correlations® (p) between raw ActiGraph and raw phone counts for the laboratory study (N=15).

Statistical model by activity monitoring device” Cliq MyTouch Nexus One
P P P P P P
Full model
ActiGraph a7 <.001 .82 <.001 .80 <.001
Cliq .95 <.001 .90 <.001
MyTouch .90 <.001
No bike & standing
ActiGraph .85 <.001 .89 <.001 .83 <.001
Cliq .93 <.001 .88 <.001
MyTouch .87 <.001
Hip only
ActiGraph .82 <.001 .86 <.001 .85 <.001
Cliq .93 <.001 .95 <.001
MyTouch .93 <.001
Hip only and no bike & standing
ActiGraph .81 <.001 .85 <.001 .83 <.001
Cliq .92 <.001 .92 <.001
MyTouch .89 <.001

@ The Spearman correlations are between counts/min derived for the ActiGraph and the 3 Android smartphones (Motorola Clig, HTC MyTouch, and

Google/HTC Nexus One).

b The different models correspond to different filters (ie, no bike & standing excludes bicycling and standing; hip-only excludes measures whereby the

phones were in the pocket).

Table 2 reports results of the mixed model regression equations
for each cut-point estimate. The betas and intercepts were the
values used to cal cul ate the phone-based cut-pointslisted when
the ActiGraph cut-points (ie, <100 and >1952) were imputed
into the equation. Figure 2 provides estimates of the mean
differences between the predicted values from the phones and
the actual ActiGraph counts across phones and across different
modeling datasets (eg, the full dataset, to the dataset that only

http://mhealth jmir.org/2015/2/e36/

included hip data and excluded biking/standing). Overall, there
was some instability in the overall estimate depending on the
observations included/excluded from the models using the
|eave-one-out technique based on the large root mean standard
errors but that these differences were not greatly impacted by
the specific phone used or the filtering strategies. Overall, the
modelswereimproved if datawere aggregated acrossal phones
asopposed to using phone-specific estimates. For the remainder
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of the paper, we only refer to the aggregated estimates of
cut-points across phones as these appeared most stable and we
continue to report both the “full model” and “no bike and

Hekler et d

standing” model s because there appeared to be improved model
fit using this filter but no improved model fit when excluding
measurements from the phones while worn in the pocket.

Table 2. Regression equations and cut-points for sedentary and moderate-to-vigorous levels of physical activity in the [aboratory.

Phone Intercept® b? N Sedentary cut-point® MVPA cut-point®
Full data
Moto Cliq —260.34 6.73 169 5354 328.72
HTC MyTouch -304.62 7.96 169 50.82 283.46
Google Nexus One —247.00 7.15 169 48.56 307.76
All phones mean —270.65 7.28 50.92 305.36
No bike & standing
Moto Cliq -182.81 7.63 133 37.06 279.77
HTC MyTouch -205.17 8.67 133 35.20 248.86
Goo/HTC Nexus One -171.66 8.14 133 33.36 260.75
All phones mean -186.55 8.15 35.17 262.47

8The betas and intercepts were devel oped as an aggregation of the results of the |eave-one-out technique (ie, averaging the betaand intercept estimates

from al models).

b The cut-point value imputed into the regression equation for the sedentary cut-point was <100.

€ The cut-point value imputed into the regression equation for the MV PA cut-point was >1951.

Figure 2 showsthe mean difference between the predicted value
of an ActiGraph count compared to the actual ActiGraph count
(ie, predicted count — actual count). This mean difference across
different models allows for an estimate of differences across
modelswhen using the leave-one-out strategy of model building.
Higher mean differences suggest less stable regression models
that are moreinfluenced by individual observationsinthe model.
The error bars represent the root mean standard error across all
models run utilizing a leave-one-out procedure, which further
provides insights on the interpretability of the models. High
root mean standard errors suggest large variation in estimates
during the leave-one-out procedure, but also provide an estimate
of “meaningful” mean difference estimates across the various
regression models. Results suggest that the mean differences
observed did not differ by phone or data-filtering strategy used,
but that there waslarge variation of impact across observations,
thusjustifying the use of the leave-one-out method for creating
amore stable regression model.

http://mhealth jmir.org/2015/2/e36/

Table 3 reports the percentage of time each device accurately
classified an activity into its corresponding MET classification
(ie, sedentary, light physical activity, or MV PA) [28]. Overall,
results suggest that the phones correctly classified activities at
nearly the same level as the ActiGraph. For example, when
excluding behaviorsfrom the model that are known to be poorly
classified using cut-point estimates (ie, bicycling and standing),
the ActiGraph correctly classified 91% (108/119) of all activities
across al participants. In comparison, the phones correct
classification levels ranged from 78% (73/93; MyTouch, Full
Model) to 91% (85/93; Nexus One, no bike and standing modéd!).
Not surprisingly, cycling activities and standing exhibited the
poorest estimated agreement (see Table 3). Interestingly, the
phones actually did better at correctly classifying the light
intensity activity of sweeping. Again, Figure 1 providesavisual
summary of these classificationson alabeled scatterplot for the
Nexus One.
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Table 3. Correct classification of activity intensity level for each device.

Activity Placement  Correct classification,® %

Nexus One MyTouch Clig ActiGraph

No bike & No bike & No bike &

Full stand® Full stand® Full stand® N/A
Overdll 69% 73% 59% 60% 63% 65% 64%
Overal excluding behaviors 90% 91% 78% 80% 83% 83% 91%
Bicycling outside 10 mph Hip 0% 0% 0% 0% 0% 0% 0%
Bicycling outside 10 mph Pocket 0% 0% 0% 0% 0% 0% 0%
Cycling indoors 75 rpm Hip 18% 36% 0% 0% 0% 9% 7%
Cycling indoors 75 rpm Pocket 50% 63% 63% 63% 63% 88% 0%
Lying down Hip 91% 91% 82% 82% 82% 82% 100%
Sitting while slouching Hip 100% 100% 89% 89% 89% 89% 100%
Sitting with back straight Hip 100%  100% 80% 80% 90% 90% 100%
Television (free-movement) Hip 91% 82% 82% 73% 82% 73% 93%
Television (sitting straight) Hip 90% 90% 80% 80% 80% 80% 100%
Standing Straight Hip 9% 18% 0% 0% 9% 9% 0%
Sweeping Hip 100%  100% 100%  100% 100%  100% 50%
Treadmill 2 mph Hip 90% 80% 90% 90% 90% 90% 92%
Treadmill 3 mph Hip 80% 100% 20% 40% 80% 90% 92%
Treadmill 3 mph Pocket 80% 90% 90% 90% 70% 70% 91%
Treadmill 5 mph Hip 80% 80% 80% 80% 60% 60% 80%

@ These values are the percentage of times the activity was correctly categorized according to its physical activity intensity level (ie, sedentary, light,
or moderate-to-vigorous intensity physical activity) by each of the 4 devices. For this work, we explored correct classification both using different
phones and viadifferent cut-point algorithms based on different regression models. The cut-points used here were the average cut-point estimates across
all the phones for both the full model cut-points (ie, <50.92 for sedentary and >305.36 for MV PA) and the model generated when biking and standing
was excluded when creating the cut-point estimates (ie, “no bike & standing” model cut-points were <35.17 for sedentary and >262.47 for MVPA).
For the full model, N=132.

b This overall estimate of correct classification excluded the following behaviors that are known to be problematic for classifying using a cut-point
strategy: bicycling outdoors, indoor cycling, and standing still (N=93).
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Figure 2. Comparison of the stability of different regression model estimates (laboratory study). The error bars represent the root mean standard error

across al models run utilizing aleave one out procedure.
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Study 2: Free-Living Study

There were 23 participants who had acceptable data for
comparing the phone accel erometer to the ActiGraph (age: mean
57.0 years, SD 6.4, range 45-69; women: 74%, 17/23; body
mass index: mean 29.5, SD 5.9, range: 20.8-40.9; white: 70%,
16/23; Asian/Asian American: 22%, 5/23; bachelor’s degree or
higher: 79%, 18/23; married: 44%, 10/23; working full time:
64%, 14/23). On average, participants had approximately 5 days
of valid wear time for both the ActiGraph and smartphone
accelerometry data (days per participant: mean 4.8, SD 2.1;
tota days=107). Table 4 reports correlations between the
estimated number of minutes engaged in sedentary, light

physical activity, and moderate-to-vigorous levels of physical
activity based on the Nexus One phone using the full model
cut-points derived from study 1 compared to the ActiGraph
(listed in Figure 1). Overal, results suggested moderateto strong
correlations between the direct estimatesfor sedentary physical
activity and MV PA (eg, raw count comparisons. p=.44, P<.001;
sedentary: p=44, P<.001; MVPA: p=.67, P<.001) and weak
correlations for light physical activity (p=.38, P<.001). These
correlations were nearly the same as the no bike and standing
correlations (eg, raw count comparisons: p=.35, P<.001;
sedentary: p=.44, P<.001; light: p=.34, P<.001; MVPA: p=.68,
P<.001).

Table 4. Free-living Spearman rank correlations between ActiGraph and NexusOne smartphone.

Actigraph Smartphone®

Raw count Sedentary Light MVPA

P P p P p P P P
Raw count .59 <.001 -22 .02 .32 <.001 .57 <.001
Sedentary -34 <.001 44 <.001 A1 .27 .00 .98
Light .14 .16 -13 .20 .38 <.001 -07 49
MV PA 54 <.001 -21 .03 .06 .53 .67 <.001

@ Smartphone estimates of min/day in each category are based on the “full” model average cut-points that were derived from study 1.

Figures 3-5 report Bland-Altman plots comparing the ActiGraph
and smartphones utilizing the full model cut-point estimates.
Comparison of the plots suggest good absolute mean-level
differences in sedentary and MVPA activity minutes/day
estimates (sedentary: mean difference=—26.0 min/day, 95% CI
—279.5 to 227.6; MVPA: mean difference=—1.3 min/day, 95%

http://mheal th.jmir.org/2015/2/e36/

RenderX

Cl —38.4 to 35.8). Absolute mean-level differences for light
physical activity were outside of the acceptable range (mean
difference=—111.2 min/day, 95% CI —285.8 t0 —63.5). Although
not shown, we did create Bland-Altman plots for the no bike
and standing models and consistently found poorer absolute
estimates suggesting that for absolute estimatesin afree-living
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context, the full model cut-points listed in Table 2 (ie, <50.92
for sedentary and >305.36 for MV PA) were superior. Based on
the lack of a gold standard in this study, the 95% confidence
intervals are not as easily interpreted because the error likely

Hekler et &

comes from measurement issues with both devices. As such,
they are provided more for broader context but should be
interpreted with caution.

Figure 3. Bland-Altman plot comparing estimated minutes of MV PA per day between the phone and ActiGraph, full model (free-living study).
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Figure 4. Bland-Altman plot comparing estimated minutes of light activity per day between the phone and ActiGraph, full model (free-living study).
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Figure 5. Bland-Altman plot comparing estimated minutes of sedentary behavior per day between the phone and ActiGraph, full model (free-living

study).
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Discussion learning/neural network analyses [10-13], can likely provide

Principal Findings

The purpose of this work was to determine the validity and
reliability across different Android smartphones for tracking
physicd activity among midlife and older adults. Overall, results
indicated (1) Android smartphone raw counts are strongly
correlated to ActiGraph counts in a laboratory-based and
free-living setting suggesting the accel erometers provide similar
estimates regardless of the activity classification algorithm used,
(2) Android smartphone raw counts were strongly correlated
with one another suggesting that different Android phones
reliably provide similar estimates before any algorithm, (3)
placement in the pocket versus on the hip both in a
laboratory-based and free-living context did not detrimentally
impact estimates suggesting that phones can reliably be worn
in either location, and (4) absolute classifications of activity
intensity between the phone and ActiGraph were comparable
both in-laboratory (based on similar correct classification
percentages of known activities) and free-living context (based
on absol ute mean difference estimates via Bland-Altman plots)
for sedentary and MVPA estimates but not light physical
activity.

Resultsindicating that the phone accel erometersand ActiGraph
arestrongly correlated have important implicationsfor not only
cut-point-based activity classification strategies, but also any
classification strategy utilizing an accelerometer. In particular,
because the effective raw signals are providing similar
information, it isquite plausiblethat similar algorithm strategies
can be used between devices with similar effects, assuming
some degree of calibration. Thisisimportant becauseit suggests
other activity recognition strategies, such as machine

http://mheal th.jmir.org/2015/2/e36/

RenderX

similar estimates from the raw accelerometer signals across
phones. This also increases confidence that estimates between
Android phones from apps that utilize the accelerometer for
activity classification will likely be comparable across phones.

Results suggesting phone placement did not impact sedentary
and MV PA estimates have important implications for usability.
Specifically, wefound an amost even split in preferencesrelated
to wearing the phone, with some desiring to wear it on the hip
and others desiring to keep it in their pockets. A phone will
likely be worn if it fits into a person’s daily life. As such,
allowing individuals to wear the device in whatever way they
so desire increases the likelihood of continuing to gather the
datainthelong-term (aswedid in our MILES intervention trial
[8]). Our results suggest that acceptable activity estimates can
be acquired either on the hip or in the pocket. Further work
should continue to explore ways to further improve
“wearability” of a system. This interest is evident in the
commercial sector with devices such asthe Fitbit Flex, Jawbone
UP, or Misfit Shine, which are all wrist-worn activity monitors.

Finally, our results suggesting that the phones gave similar
absolute estimates of sedentary and MVPA activities to an
ActiGraph in both in-laboratory and free-living studies has
important implications for epidemiologic and intervention
research. At present, there is far more data supporting the
linkage between cut-point-derived estimates of physical activity
with health outcomes compared to the other data analytic
techniques [1,15,33]. Based on this, although it is likely the
machine learning-based classification techniqueswill eventually
provide better methods for classifying physical activity, at
present, there is ill value in focusing on validating the
smartphone compared to the classica cut-point-derived
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estimates from the ActiGraph. Our results suggest that the
phones can provide an acceptable aternative to an ActiGraph
for classifying sedentary and MVPA, but not light physical
activity.

Limitations

The ActiGraph was utilized as our primary comparison metric.
Although the ActiGraph is acceptable for field-based research,
it is not a gold-standard activity monitoring device. This is
particularly important to be mindful of when interpreting the
Bland-Altman plots because the Bland-Altman plots are
designed to support comparison of anew measureto aprevious
gold-standard metric. The Bland-Altman plots revealed good
mean-level differences but poor confidence interval estimates
between the smartphone and Acti Graph. Becausethe ActiGraph
isnot agold-standard measure, it is quite plausible that the high
confidence intervals can be attributed not only to variance from
the smartphone but also the ActiGraph. As such, the confidence
intervals from the Bland-Altman plots need to be interpreted
with caution. Further, the ActiGraph cut-points utilized
incorporated only the vertical axis whereas the phones used all
3 axes, thus establishing another potential source of error
between the two.

A second limitation of our work is that we utilized a
cut-point-based strategy for activity classification rather than
newer strategies such as neural network analysis or machine
learning techniques[10-13]. Although acut-point strategy does
not afford the level of precision that these newer techniques do,
cut-point estimates are still pragmatic to use in both
epidemiologic and intervention research. In particular, the
national guidelinesfor physical activity do not focus on specific
behaviors, but instead the broad classes of moderate and
vigorous intensity physical activity that we can classify with
cut-point algorithms [3]. As such, intensity classification has
utility for physical activity recommendations because it more
directly correspondswith national guidelines. In addition, there
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is also much more work linking cut-point-based estimates of
physical activity to health outcomes compared with the more
precise activity classification techniques [1,33]. As such, the
regression equations generated provide a strategy for
establishing alinkage from estimates derived from smartphones
to those health outcome linkages made via previous work that
found associations with ActiGraph estimates via cut-point
algorithms and health outcomes.

Another limitation isthe brands of the smartphones we studied.
In 2009, HTC and Motorola were among the most important
manufacturers of Android smartphones, but at this point
Samsung has becomethe primary Android phone manufacturer.
Unfortunately, our study cannot provide any insights on the
quality of Samsung devices. Further, although the data were
comparable across our phones, it is impossible to determine if
the phone estimates woul d remain comparabl e in newer phones.
That said, based on the plethora of different Android phones
available, our data at least increases confidence that different
manufacturers and running different firmware versions of
Android may provide similar estimates of physical activity
based on the accel erometry.

Strengths of thisresearch werethat data are avail able from both
an in-laboratory and free-living context. Further, the samples
used to create the estimates are in-line with other physical
activity assessment/validation protocols. Finally, validation
occurred via direct observation of activitiesin laboratory.

Conclusions

Overall, our results suggest that an Android smartphone appears
to be an acceptable aternative for estimating sedentary and
moderate-to-vigorousintensity physical activity to an ActiGraph
accel erometer in both alaboratory-based and free-living context.
This suggests that smartphones might be an effective
mechanism, by themselves, for tracking physical activity. Future
work should explore other potential analytic techniques (eg,
machine learning) for further improving the classification.
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Abstract

Background: Childhood obesity is an increasing health problem globally. Obesity may be established already at pre-school
age. Further research in thisarearequires accurate and easy-to-use methods for assessing the intake of energy and foods. Traditional
methods have limited accuracy, and place large demands on the study participants and researchers. Mobile phones offer possibilities
for methodological advancementsin this area since they are readily available, enable instant digitalization of collected data, and
also contain a camerato photograph pre- and post-meal food items. We have recently developed a new tool for assessing energy
and food intake in children using mobile phones called the Tool for Energy Balance in Children (TECH).

Objective: The main aims of our study are to (1) compare energy intake by means of TECH with total energy expenditure
(TEE) measured using a criterion method, the doubly labeled water (DLW) method, and (2) to compare intakes of fruits and
berries, vegetables, juice, and sweetened beverages assessed by means of TECH with intakes obtained using a Web-based food
frequency questionnaire (KidMeal-Q) in 3 year olds.

Methods: In this study, 30 Swedish 3 year olds were included. Energy intake using TECH was compared to TEE measured
using the DLW method. I ntakes of vegetables, fruitsand berries, juice, aswell as sweetened beverages were assessed using TECH
and compared to the corresponding intakes assessed using KidMeal-Q. Wilcoxon matched pairs test, Spearman rank order
correlations, and the Bland-Altman procedure were applied.

Results:. The mean energy intake, assessed by TECH, was 5400 kJ/24h (SD 1500). This value was not significantly different
(P=.23) from TEE (5070 kJ/24h, SD 600). However, the limits of agreement (2 standard deviations) in the Bland-Altman plot
for energy intake estimated using TECH compared to TEE were wide (2990 kJ24h), and TECH overestimated high and
underestimated low energy intakes. The Bland-Altman plots for foods showed similar patterns. The mean intakes of vegetables,
fruitsand berries, juice, and sweetened beverages estimated using TECH were not significantly different from the corresponding
intakes estimated using KidMeal-Q. Moderate but statistically significant correlations (p=.42-.46, P=.01-.02) between TECH
and KidMeal-Q were observed for intakes of vegetables, fruits and berries, and juice, but not for sweetened beverages.

Conclusion: We found that one day of recordings using TECH was not able to accurately estimate intakes of energy or certain
foodsin 3 year old children.

(JMIR mHealth uHealth 2015;3(2):€38) doi:10.2196/mhealth.3670
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Introduction

Methods

According to the World Health Organization (WHO), childhood
obesity is one of the most serious public health challenges of
the 21st century [1]. Therefore, there is growing interest for
interventional and observational studies aready in pre-school
children (2-6 years) [2]. However, such studies are difficult to
conduct since traditional dietary assessment methods have
limited accuracy, and involve excessive effort for caretakers
and researchers[3]. Mobile phones open new possibilitiessince
they arereadily available, enableinstant data digitalization, and
contain a camera for photographing pre- and post-meal food
items. Photos using digital cameras have shown potential for
assessing dietary intake in both adults[4-6] and children [7-9].
We have developed a new tool for assessing energy and food
intake using mobile phones, the Tool for Energy Balance in
Children (TECH). Theaimsof this pilot study in healthy 3 year
oldswere (1) to compare energy intake by meansof TECH with
total energy expenditure (TEE) measured using the doubly
labeled water (DLW) method, and (2) to compare intakes of
fruits and berries, vegetables, juice, and sweetened beverages
assessed by means of TECH with corresponding intakes
obtained using the Web-based KidMeal questionnaire
(KidMeal-Q), previously validated against a 7-day food record.
The selected foods were considered as relevant markers for
good (fruits and berries, vegetables, and juice) and bad dietary
habits (sweetened beverages).

http://mhealth.jmir.org/2015/2/e38/

Recruitment and Protocol

Healthy, 3 year old Swedish children (N=30) were recruited in
2010-2011[10-12]. Their mean TEE was measured for 14 days
using the DLW method [11,12]. During this period, the
children’s intakes of foods and drinks were assessed using
TECH, and parents completed the KidMeal -Q. A compl ete data
collection was obtained from 30 children. The mean changein
body weight between day 1 and 14 was -0.008 kg (SD 0.317).
All children originated from a well-educated, middlie-income
population. The study was approved by the Research Ethics
Committee, Linkdping, Sweden. Writteninformed consent was
obtained from all parents.

Tool for Energy Balancein Children (TECH)

Parents and other caretakers were instructed to take pre- and
post-meal photographs of all the food items and beverages
consumed by their child during one 24-hour period using a
mobile phone provided for the study. At each meal, they also
answered 6-7 questions regarding the type of milk,
butter/margarine/oil, meat, bread, cereal, and sauce using a
JAVA-based questionnaire installed on the mobile phone (see
Figure 1). The parentswereinstructed to photograph the meals
from three angles, to use tableware provided specifically for
the study, and to place a matchbox in each image. Volumes of
foods were assessed from images using known sizes of the
tableware and matchbox i dentifications by means of the software
Paint (Microsoft, version 6.1), and converted into weight by
being multiplied by the appropriate weight per volume [13].
The energy intake was calculated from intakes of foods and
drinks through linkage to the Swedish Food Database [14].
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Figure 1. Screenshot of a TECH question and picture.

Take picture Back

KidMeal-Q

KidMeal-Q was developed in 2008 for the LifeGene study [15].
It is an online, meal-based food frequency questionnaire
designed for children aged 3-5 yearsfor ng dietary intake
during previous months, and covers 42-86 food items, drinks,
and dishes, depending on the number of follow-up questions
(see Figure 2). For each child, we converted the reported
frequency for vegetablesinto daily intakes by multiplying them
by the reported portion sizes (using six pictures). KidMeal-Q
does not provide any portion sizes for juice, fruits, berries, or
sweetened beverages, and thus standard portion sizes[14] were
used to convert reported frequenciesinto daily intakes.

http://mhealth.jmir.org/2015/2/e38/
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KidMeal-Q was validated against a 7-day weighed food record
in 23 healthy Swedish children with a mean age of 4.6 years
(SD 1.5), weight of 18.4 kg (SD 3.7), and height of 1.09 m (SD
0.11) (data to be published). In that study, correlation
coefficients between intakes of vegetables, fruits, and juice to
sweetened beverages assessed using KidM eal-Q and food record
estimates were .45 (P=.03), .59 (P=.003), and .53 (P<.001),
respectively. These correlation coefficients are similar to those
reported for adults when comparing food-frequency
guestionnaires with food records [16,17]. Therefore, although
not an established reference method, we consider KidMeal-Q
to be an appropriate reference in this first evaluation of TECH.
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Figure 2. Screenshot of a sample KidMeal-Q question.

Henriksson et d

How much vegetables (raw or cooked) does your child usually eat? Please indicate the
alternative that agrees with your child’s eating habits.

B
-

C
v

Statistical Analyses

Valuesare given asmeans (SD). Significant differences between
mean values were identified using the Wilcoxon matched pairs
test. Correlation analyses were performed using Pearson or
Spearman rank order correlations. The Bland-Altman procedure
[18] was used to assess the agreement between methods.
Analyses were performed using Statistica Software, version 10
(STAT SOFT, Scandinavia AB, Uppsala, Sweden).

Results

The mean age of the children in the study was 3.00 years (SD
0.04), with amean weight of 15.4 kg (SD 1.6), height of 0.96
m (SD 0.03), and body mass index (BMI) of 16.6 kg/m?(SD
1.2). Five children were classified as overweight, and none as
obese [19].

=) ‘?&m

~—

E
-

=

-

The mean energy intake, assessed using TECH (5400 kJ/24h,
SD 1500) was not significantly different (P=.23) from TEE
(5070 kJ/24h, SD 600). Figure 3 shows the Bland-Altman plot
for energy intake compared to TEE. The limits of agreement
were wide, and TECH overestimated high energy intakes and
underestimated |ow energy intakes.

The mean daily intakes of fruits and berries, vegetables, juice,
and sweetened beverages using TECH and KidMed-Q are
shown in Table 1. No significant differences between the two
methods were observed. When comparing intakes of fruits and
berries, vegetables, juice, and sweetened beveragesusing TECH
with the corresponding KidM eal -Q estimates, the Bland-Altman
plots were similar to the corresponding plot for energy intake
(ie, they showed large limits of agreement and trends toward
an overestimation of high intakes and an underestimation of
low intakes, figures not shown). Furthermore, significant
correl ations between the two methods were observed for intakes
of fruits and berries, vegetables, and juice (Table 2).

Table 1. Mean daily food intake estimated by means of TECH andKidMeal-Q (N=30).

TECH? KidMeal-Q°

Intake (g/day®), mean Range (9/day), Intake (g/day), mean  Range (g/day),
Food group (SD) min-max (SD) min-max pd
Fruits and berries 89 (110) 0-309 88 (31) 37-125 636
Vegetables 40 (52) 0-255 40 (36) 0-120 568
Juice 50 (79) 0-240 59 (64) 0-300 243
Sweetened beverages 95 (120) 0-320 36 (30) 0-96 061

&Tool for Energy Balancein Children
bKidMeal Questionnaire
Cgrams/day

dp value for difference between dai ly intake estimated by means of TECH and KidMeal-Q using the Wilcoxon matched pairs test
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Table 2. Correlation coefficients between food intakes (grams/day) estimated using TECH and KidMeal-Q (N=30).

Food group p@ P

Fruits and berries 46 .010
Vegetables 43 .020
Juice 42 .020
Sweetened beverages A5 424

8Spearman rank order correlation

Figure3. A Bland-Altman plot comparing energy intake estimated using TECH and total energy expenditure measured using the doubly labeled water
method in 30 healthy 3 year old children. The mean difference between the methods was 330 kJ/24h with limits of agreement (2SD) of 2990 kJ/24h

[16]. The regression equation was y=1.27(x-6312.67) (r=.73, P<.001).
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Discussion

Principal Findings

Thisisthefirst study that has evaluated energy intake assessed
using mobile phones versus the DLW method in preschoolers.
The average energy intake estimated using TECH was not
significantly different from the average TEE (mean difference
+7%). However, the limits of agreement in the Bland-Altman
plot werewide, indicating low accuracy for TECH in estimating
energy intake for individuals. Furthermore, we observed abias
where high energy intakeswere overestimated while low energy
intakeswere underestimated. Although we only used TECH for
one day, the mean difference and our limits of agreement for

http://mhealth.jmir.org/2015/2/e38/

RenderX

energy are comparable to previous validation studies for
established dietary methodsin children aged 3-6 years[20-25].
In our study, part of the inaccuracy for individuals may be the
result of TECH being applied for only one day.

There is no reference method for intakes of foods and drinks.
Hence, ascommonly applied, we compared TECH with another
dietary method to evaluate its relative accuracy for foods.
Despite that TECH was only applied for one day, which may
not represent habitual intakes, we obtained correlationsfor fruits
and berries, vegetables, and juice with KidMeal-Q (which
assesses habitual intakes in past months) that were of similar
magnitude as those commonly reported when comparing two
dietary methods [16,17]. Although the accuracy in individual
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children was low, the average intakes of fruits and berries,
vegetables, and juice assessed using TECH were comparable
to corresponding figureswith KidMeal-Q. However, our results
for foods need confirmation due to the different assessment
periods.

Study Strengths and Limitations

The major strength of our study is that we compared energy
intake to TEE using the DLW method, which is the gold
standard when validating reports of energy intake [3,26]. This
is superior to using another dietary method as areference since
all such methods are well known to be associated with
systematic errors [3,27]. The DLW method can be used as a
reference since energy intake and TEE should be equal for
subjectsin energy balance during the measurement period. This
criteriaisvalid both in normal-weight and overweight subjects,
and was fulfilled since our children were weight stable through
the 14-day-period, and since the energy content of retained
tissue corresponds to only approximately 1% of energy intake
at this age [28,29]. A limitation is that we compared one-day

Acknowledgments

Henriksson et d

TECH data with mean TEE data from 14 days. However, this
has unlikely influenced our results since the day-to-day variation
in TEE issmall [30,31].

Themajor limitation of thispilot study isthat we applied TECH
during only one day. The reason for this is that this first
evaluation of TECH was conducted within an on-going study
and we did not want to affect the parents’ participation in the
original study by adding more assessment days. Furthermore,
our sample sizewas small and participating families represented
a selected group, which may limit generalizability. However,
since the accuracy of using TECH for one day was comparable
to established dietary methods, future research should evaluate
if the accuracy for TECH can be improved with more days. In
addition, identification of the underlying reasons for the
observed biasin TECH could be the topic for future studies.

Conclusion

In conclusion, one day of recordingsusing TECH isnot ableto
accurately estimate intakes of energy or certain foodsin 3 year
old children.
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Abstract

Background: Alcohol useisarisk factor for the acquisition of human immunodeficiency virus (HI1V) among African American
men who have sex with men (MSM). Mobile phone-based ecological momentary assessments (EMA) could minimize bias due
to retrospective recall and thus provide a better understanding of the social and structural context of a cohol use and itsrelationship
with HIV-related risk behaviorsin this population as well as other highly stigmatized populations.

Objective: We describe the study design and the implementation, feasibility, reactivity, and acceptability of an EMA study of
alcohol use and HIV-related behaviors among African American MSM in Baltimore.

Methods: Participants were recruited through flyers and word-of-mouth in Baltimore from September 2013 to November 2014.
Each participant was loaned an Android smartphone and instructed to respond to multiple prompts from the mobile app for 4
weeks. Data were collected through (1) random prompts delivered three times daily assessing participants' location, activity,
mood, and social context, (2) daily prompts capturing drinking and sex events occurring in the past 24 hours, and (3)
event-contingent responses collecting participants' self-reported episodes of drinking.

Results. A total of 16 participants enrolled in the study. The current analyses focused on 15 participants who completed at |east
24 days of follow-up (mean follow-up time 29 days; range 24-35 days). Study participants (N=15) were a median 38 years of
age (range 27-62 years) with low level s of income and educational attainment. Ten individuals self-reported living with HIV/AIDS,
over half reported drinking alcohol at least 2-3 times a week, and a third reported binge drinking (ie, 6 or more drinks on one
occasion) on aweekly basis. Based on the Alcohol Use Disorders Identification Test (AUDIT) score, nearly half were classified
as hazardous drinkers (score 8-15) and afifth were likely dependent (score >16). A total of 140 participant-initiated events were
reported, and 75% of 1308 random prompts and 81% of 436 daily prompts delivered were answered. Of seven devices used
during the study, five were reported lost by participants. We did not observe strong reactivity effects, and self-reported acceptability
to study procedures was uniformly favorable.

Conclusions: This study provides evidence to support the feasibility and acceptability of using EMA methods for collecting
data on alcohol use among African American men who have sex with men living in urban settings. These data provide the basis
for future studies of EM A-informed mHealth interventionsto promote the reduction of substance useand HIV risk-taking behaviors
among African American MSM living in urban settings.

http://mhealth.jmir.org/2015/2/e67/ JMIR mHealth uHealth 2015 | vol. 3| iss. 2 [e67 | p.39
(page number not for citation purposes)


mailto:cyang29@jhu.edu
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH

Yang et a

(JMIR mHealth uHealth 2015;3(2):€67) doi:10.2196/mhealth.4344

KEYWORDS

ecological momentary assessment (EMA); acohol use; HIV; African American; men who have sex with men (MSM)

Introduction

Epidemiological data suggest the highest rates of human
immunodeficiency virus (HIV) infection in the United States
are among African American men who have sex with men
(MSM) [1]. The 2012 National HIV Behavioral Surveillance
survey demonstrated that among HIV-infected MSM in
Baltimore, 48% were African American and lessthan 20% were
white. Alcohol use and its impact on HIV transmission and
treatment are major public health burdensin many parts of the
world. Reviewsindicate that alcohol consumption is associated
with HIV incidence[2]; furthermore, alcohol isapotentia cause
of poorer HIV outcomes [2] and is associated with lower
adherence to HIV medications [3]. African American MSM
report significantly more drinks per drinking day compared to
MSM from other race/ethnicity groups [4]. Previous research
in Baltimore found that, based on Alcohol Use Disorders
I dentification Test (AUDIT) scores, 22% of African American
MSM were in the hazardous category (ie, AUDIT score 8-15)
and 21% in the high risk/likely dependent category (AUDIT
score 216) [5].

Most research on substance use (alcohol and illicit drugs) and
HIV has relied on self-reported information over a period of
time, which varies by study. A major limitation of this method
of measurement is that it is affected by recall bias (reliability
and accuracy), and it may not be context specific [6].
Information recall is affected by heuristics used in memory
search and reconstruction, which can systematically bias
participant responses[7,8]. Imprecise or inaccurate information
can impede the advancement of knowledge regarding alcohol
use and risky sex behaviors among highly stigmatized
populations [9]. There is a need to improve the methodol ogies
for behavioral data collection and to obtain a more detailed
understanding of the relationship between a cohol use and HIV
risk behaviors among key populations, especially African
American MSM.

Mobile health (mHealth) opens new avenues for research on
substance use and HIV, as ubiquitous technology allows for
more frequent and close to real-time collection of behaviors,
locations, and physiologies [10]. Ecologica Momentary
Assessment (EMA), an mHealth method that utilizes mobile
technologies, such as a personal digital assistant (PDA) or
mobile phone, allows participantsto record their daily activities
on the device in rea time [11]. EMA minimizes biases,
specifically recall bias, by requiring participantsto immediately
respond to random prompts or record specific events on adaily
basisin their natural environments [12]. EMA is an especially
suitable tool to study health behaviors, such as alcohol use,
which are discrete and episodic behaviors, and is idea for
event-contingent recording [13]. Prior research suggests that
MSM may use alcohol to cope with internal experiences (eg,
stress associated with internalized homophobia) [14] and
situational stimuli and cues (eg, social pressureto use), making

http://mhealth.jmir.org/2015/2/e67/

EMA an excellent method to capture these fleeting states.
Empirical data from previous research of EMA have shown a
high compliance rate among diverse populations, including
homel ess persons with crack-cocaine addiction [15], heroin and
cocaine usersintreatment [ 16], ecstasy userswho also engaged
in use of alcohol, marijuana, cocaine and hallucinogens [17],
and socia drinkers [18]. Evidence has aso shown that
intoxicated participants could enter dataaccurately on amobile
device [13]. Finally, in studies assessing reactivity of
substance-userecording in EMA, the possibility that the repeated
assessments may affect the behavior under study and thus distort
thefindings, have not indicated strong reactivity effects[19,20].

While EMA methods have been used successfully, there have
been few studies that employ these methods with African
American MSM  in  everyday, community-dwelling,
non-treatment settings. In response to this limitation, we
developed EMA methods for near real-time characterization of
alcohol useinindividuals' natural environments. In this paper,
we characterize implementation barriers and examine the
feasibility, acceptability, and reactivity of using intensive EMA
methods among African American MSM living in urban settings.

Methods

Study Participants

Study participants were recruited through flyers and
word-of-mouth in Baltimore, Maryland. Flyers were placed at
the front desk of the research facility, where several other
substance use and HIV projects were conducted. Inclusion
criteria for this study were (1) at least 18 years of age, (2)
self-reported African American race/ethnicity, (3) self-reported
male sex, (4) self-reported having had sex with amale in the
prior 30 days, (5) self-reported drinking acohol at least once a
week in the prior 30 days, (6) reported living within the
Baltimore metropolitan area, and (7) able to understand and
follow directions on how to use the mobile phone, as assessed
by study staff in a one-on-one orientation session.

Study Procedures

Recruitment/Enrollment

Between September 2013 and November 2014, we screened 25
individual s viaphone or in-person by atrained study coordinator
or principal investigator. Of those screened, 17 were eligible to
participate in our study and 16 participants provided informed
verbal consent to participate in the study. Participants were
enrolled in 6 waves of data collection (2-3 participants/wave).
Participantsfirst completed abaseline interview at the research
facility. They were then loaned a mobile phone (Samsung
Galaxy $4), and the mobile phone was reused in each wave.
Once a phone was lost, a replacement phone was acquired. To
protect participants’ privacy, mobile phones were set back to
factory setting and therefore all personal information was
deleted. Before leaving the study office and beginning maobile
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data collection in the field, study participants were trained on
how to use the device and app by the study coordinator and all
participants were required to show their understanding of the
mobile app by running a“demo” questionnaire.

Audio-Computer Assisted Standardized I nterview
Surveys

At basdline, al participants completed an audio
computer-assisted self-interview (ACASI), which assessed
sociodemographics (eg, age, education, employment, income,
and homelessness), drug and sex behaviors (eg, self-reported
alcohal, tobacco, and illicit drug use and number of sex
partners), clinical diagnoses (eg, self-reported HIV status), and
prior experience with mobile technology. Additional data
collected at basgline included depressive symptoms assessed
using the Center for Epidemiologic Studies Depression Scale
(CES-D), and past week and hazardous drinking and likely
alcohol dependence assessed viathe AUDIT score (respective
cut-offs: 28 and =16). Participants returned to the research center
after 1 and 4 weeks of follow-up to complete additional ACASI
surveysthat collected information about their behaviors during
the prior week (1-week assessment) or during the prior 30 days
(4-week assessment). One of the goals of the ACASI surveys
was to compare aggregated responses with real-time responses
from the EMA data collection.

Mobile App

The mabile app used in this study, emocha, was created by the
Center for Clinical Global Health Education at the Johns
Hopkins School of Medicine. EMA surveys used in this study
were adapted from prior research conducted by collaborators

http://mhealth.jmir.org/2015/2/e67/
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with drug using populations in Baltimore [21]. The following
three types of EMA prompts were used in this study:

1. Random prompts: Three times daily, emocha sent an alert
to the participant’s phone between 10 am. and 10 p.m.
These random prompts asked about participants immediate
mood, surroundings, and potential environmental cues that
may trigger alcohol use. Participants answered no more
than 46 questions in each of the random prompt surveys
(including skip patterns).

2. Daily prompts: One daily alert a 9 am. was sent to
participant’s phone. Thissurvey consisted of questionsthat
summarized activities during the previous 24 hours,
including al cohol, other substance use, and sexua activities.
The daily survey contained up to 98 questions, depending
the number of alcohol drinks and number of sex partners
reported during the past 24 hours.

3. Event-contingent entries: Participants were instructed to
initiate an electronic entry every time they finished one
episode of drinking, which was defined as a cluster of
alcohol use in one sitting. Event-contingent surveys asked
up to 40 questions concerning the location, alcohol use
expectancy, drinking partner, types, and amount of alcohol,
co-use of other substances, and current mood and stress
level (see Figure 1).

Participants had 30 minutes after being prompted to complete
surveys for both the random and daily prompts. After 30
minutes, the prompt was considered missed. Each day at 10
p.m., mocha uploaded the encrypted EMA datato asecure server
and removed the data from the device.
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Figure 1. Screenshot of emocha event-contingent survey.

Qualitative Assessment

During theweek 1 and week 4 visits, participants aso completed
10-minute, semistructured interviews to provide feedback on
their experience using the mobile phone and the emocha app.
The qualitative interview guides had predefined main themes,
but these guides were meant to be dynamic and allowed for new
topics to emerge during the course of the interview. Important
topics included (1) satisfaction and challenges with the study,

http://mhealth.jmir.org/2015/2/e67/
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(2) suggestionsfor future studies, and (3) waysthe mobile phone
may facilitate reducing acohol use and promoting HIV risk
reduction.

Participants received remuneration for attendance at study visits
(Table 1), for providing adequate responses to weekly random
and daily prompts, and for returning devices upon study
completion. Participants were informed at enrollment that loss
of two study devices would result in their dismissal from the
study.
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Table 1. Participant reimbursement/visit schedule (in USD).

Yang et a

Intake Week 1 Week 2 Week 3 Week 4 Total
Baseline visit $10
ACASI $20 $20 $20
EMA? $25/$50 $25/$50 $25/$50 $25/$50
Close out $10
Smartphone return® $50/$100
Total $30 $45-$70 $25-$50 $25-$50 $105-$180 $230-$380

Participants were paid US $50 every week for answering 80% of their alarms or US $25 every week for answering 60% of their alarms. They received
no bonus for answering less than 60% of their alarms or if their phone was uncharged.

BPartici pants received US $100 at close out for returning their original phone or US $50 for returning their replacement. They would be excused from

the proposed study if they lost their replacement phone.

The Ingtitutional Review Board at Johns Hopkins University
Bloomberg School of Public Health approved the study protocol
and a Certificate of Confidentiality was obtained through the
National Institute of Allergy and Infectious Diseases.

Data Analysis

Descriptive statistics were used to examine characteristics of
participants and study compliance (eg, days of follow-up,
random and daily prompt response rates, EMA survey
completiontime, and devicelossrate). Feasibility was assessed
through participant retention, days of follow-up, device loss
rate, responseratesto EMA surveys, and amount of time needed
to complete each EMA survey. We also assessed the number
of questions completed in each survey.

Reactivity analysiswas conducted by examining any correlation
between day of study and total number of drinks reported in
daily surveys. Repeated measures were accounted for in linear
regression models using Generalized Estimating Equations[22].
We summed the number of drinks each individual reported
consuming per day in the daily prompts and plotted this against
the day of study. We used anon-parametric lowess curve, which
is able to show arelationship between variables and any trends

http://mhealth.jmir.org/2015/2/e67/

that may exist in the data. All quantitative analyses were
performed using Stata version 13.0.

For the qualitative evaluation, we identified core consistencies
and meanings in the data through careful repeated reading of
interview texts. We labeled sections of text based on themes
and particular domains of interest related to feasibility and
acceptance. Results were summarized by main themes and
reviewed by investigators continually throughout the study,
with the goal of identifying strategies to refine the emocha
design in preparation for a subsequent data collection.

Results

Baseline Characteristics of Participants

Of the 16 participants enrolled, one participant was lost to
follow-up 1 day after the baseline visit. The current analyses
focused on 15 participants who completed at least 24 days of
follow-up (median 29, interquartile range 27-31). Of these 15
participants, 5 saw the study flyersand 10 heard about our study
from other people. The baseline characteristics of 15 participants
were summarized in the Table 2.
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Table 2. Baseline characteristics of participants (N=15).

Yang et a

Characteristics n (%)
Age, median (IQR) 32 (29-45)
At least grade 12 or GED education 13(87)
Full/part time job 2(13)
<US $10,000 income (last year) 8(53)
Homeless (past 6 months) 4(27)
Arrested (past 6 months) 2(13)
HIV positive (self-report) 10 (67)
CES-D score, median (IQR) 32 (21-44)
Depressive symptoms (CES-D>20) 12 (80)
Frequency of cigarette use (past 30 days)

Never 3(20)

Once aweek 1(7)

A few times aweek 2(13)

Every day 9(60)
Have smoked crack/cocaine/heroin/inject drugs to get high (past 3 months) 4(27)
Often or aways smoke marijuana while drinking alcohol 7 (47)
Freguency of alcohol use

Monthly or less 1(6)

2-4 times amonth 6 (40)

2-3 times aweek 4(27)

4 or more times a week 4(27)
Frequency of binge drinking at least weekly 5(33)
AUDIT score, median (IQR) 9(6-14)
Hazardous drinker (AUDIT score: 8-15) 7 (47)
Probable alcohol dependence (AUDIT score>16) 2(20)
Number of sex partners (past 30 days), median (IQR) 2(1-5)
Have owned a mobile phone (past 6 months) 14 (93)
Currently using a smartphone 11 (79)

Feasibility Assessment

Overall, 15 participants provided 436 days of observation (mean
29 days;, Table 3). Seven participants enrolled in the study over
4 weeks (ie, 28 days) due to scheduling. Of the 15 participants,
2 completed 4 weeks of EMA entries but failed to return to the
clinic for the 4-week visit and to return the phone. Two more
participants were una