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ABSTRACT
Over the last few years, the use of (non-certified) health devices/ wearables for homemonitoring has increased rapidly and this development seems to follow an exponential
growth curve in the years to come. However, parallel to this development, uncertainty
arises about the quality of these devices: there is little known about the accuracy and
reliability of their measurements within the population. Currently, there exists no such
system or process that assists in selecting the most accurate and reliable sensors to
monitor health parameters systematically. This study therefore proposes a novel
information system that supports quality feedback from health sensors/ wearables in an
open-community driven way, thereby leveraging the strength of the community.
The proposed information system facilitates user groups to make an assessment
of health devices by means of visualization in the form of graphs and rankings. This is
possible as the system has the ability to include qualitative and quantitative feedback of
health devices and also delivers guidance on how to do adequate sensor testing. An
initial data set of qualitative and quantitative data has been included in the system to
provide an incentive to use the system and also to show how data should be collected
and how it can be loaded/ entered into the information system adequately. To support
the use of the system, workflows and demonstration videos have been added to describe
the behavior of different user groups. The final information system has been validated
by means of user tests, interviews and a survey with various groups of stakeholders.
Last, the research also pointed out how Guru attention should be stimulated further i.e.
how to provide the right incentives to them, to increase the amount of quality data,
necessary to make an well-grounded sensor assessment.
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EXECUTIVE SUMMARY
This thesis assignment was done in collaboration with Selfcare, a small company
located in Breda with a focus on self-care; a concept in which one self-manages the
personal well-being and health. Selfcare is currently developing an online platform in
which several parameters can be tracked by connecting (a) proprietary sensor(s). The
challenges that are present within the process of selecting the right (quality) sensor to
track body parameters serve as an input for this thesis.
Next to practical input, a literature review has been performed to derive a number of
concepts that are highly relevant with respect to the research performed in this thesis:
1. Transparency of accuracy and reliability (quality) scores for sensors
2. Open-community driven
3. Visualization and interpretation of data
The focus of this research is on the so-called, non-certified health devices/ wearables/
sensors/ activity trackers suitable for daily use. The difference between these devices
and medical devices is that their quality and safety is not proven by clinical data and
therefore cannot be used for diagnostic or therapeutic purpose within the healthcare
system. Demonstrating the quality and safety of a health device is often not pursued by
manufacturers as it is costly and time-consuming process.
Research question
To overcome the previously mentioned challenge with concepts from literature, the
following main research question has been considered in this thesis:
Which novel information system can support feedback of health sensors from different
user groups in an open community-driven way and have the ability to assess the sensors
on their quality?
The purpose of the research is then to enable the community to generate quality
feedback for self-tracking devices and to subsequently provide them the ability to assess
the quality of these devices. For this, it is made use of the fact that crowd influence can
be leveraged and it is likely that the perceived reliability of the sensor can be positively
or negatively influenced with this leverage.
Methodology
Demands from various stakeholders have been investigated and transformed iteratively
into prioritized requirements. Five main stakeholders were recognized that have an
interest in non-certified health devices: Selfcare, Gurus, laypersons, sensor vendors and
health professionals. Their involvement within the prototype development is guaranteed
by several personal meetings, user tests, interviews and a validation questionnaire. The
prototype is built and updated according to the requirements. The research development
is performed by making use of iterations and can be divided into three parts that were
carried out in parallel. Figure 0.1 visualizes these three parts and indicates then in which
chapter every part is reported.
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Parallel iterative methodology
Prepare data
collection (4.1)

Sensor data

Prototype

Workflows

Initial prototype
artifacts (4.2)

As-is
situation (4.4)

Data collection &
KPIs (5.1)

Prototype building &
updating artifacts (4.3)

To-be situation with
system interaction (4.5)

Generate scores &
input SFS (5.2, 5.3)

Validation system &
requirements (6.1, 6.3)

Workflow
validation (6.2)

Time
Figure 0.1: Sequence of thesis parts carried out
1- Sensor data
By means of self-tracking sessions performed by the researcher, an initial data set has
been collected with a variety of sensors that measure the parameters: steps, blood
pressure, heart rate and weight. Quality data could be collected by comparing (true)
measurements from ‘golden standard’ devices with measurements from ‘non-certified’
devices. Data output of these tests has been ran successfully through the in parallel
developed information system, creating the ability to make an initial sensor assessment.
2- Prototype
In parallel with the collection of data, a prototype feedback system has been developed
to answer the main research question. Next to developing this system, instructional
demonstration videos for different user groups that show the functionalities of the
system come with the prototype. This way, there is a clear transfer to the targeted
community. One example of a system functionality for the community is the
visualization of collected data that is shown in figure 0.2.

Figure 0.2: Systolic blood pressure tested for different devices
iii

6

3- Workflows
Last, descriptive workflows have been created to increase understanding about the
current situation (As-is) and a future situation in which the feedback system plays a role
(To-be). The formerly mentioned demonstration videos are guided by these workflows
that overcome the absence of a sensor assessment process. In the To-be situation, the
system developed plays on important role. The functioning of the system can be found
in figure 0.3, which visualizes the highest level from which sub-processes are initiated.

High-level Sensor Feedback Process

Community member

All roles

Start user session
(create an account/
login if necessary
for purpose)

Lookup information
about tested
sensors (ranking,
approved reviews)

Well-grounded
sensor assessment
of health
device made

Give sensor
feedback (with
optional data
support/
performance testing
Role=> Guru
possibility)

Role=layman

SFS Review
NewEdit

Adapt feedback/
testing

Give sensor
feedback (without
data support)

Sensor Feedback
System

Selfcare/
moderator

Need/ interest in
health devices

Review not of
sufficient quality

Consult user how to
upgrade quality

Review of
sufficient quality

Approved reviews

Determine KPI
scores of sensor and
ranking
Qualitative &
quantitative user
feedback processed

Mark review as
approved

Figure 0.3: High level overview of prototype system workflow
Discussion- conclusions
The main conclusion to be drawn from this research is that a novel information system
that supports feedback of health sensors from users in an open-community driven way
that assesses sensors on their quality has been established. All stringent requirements
have been fulfilled by developing an information system that:






Facilitates users in giving qualitative and quantitative feedback of health devices
in a structured manner.
Delivers guidance in the form of self-designed procedures on how non-certified
health devices can be tested adequately, driven by an open-community. An
initial dataset of tested devices is included in the system.
Generates tables and graphs effortlessly to make user able to interpret sensor
performance data, thereby attracting new community members.
Contains a transparent ranking that can be filtered on accuracy, reliability and
ease of use scores per sensor.

To make such an information system a success as an open-community platform, a
number of recommendations should be followed, to be listed in the next paragraph.
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Discussion- recommendations
It is recommended that the feedback system is made scalable by captivating a
community formed by all 5 recognized stakeholder groups. To increase the size of the
system’s database and create an increasingly reliable and accurate sensor ranking, a vast
number of testing sessions needs to be performed. It turned out that appropriate testing
cannot be done by every person of the community and it is favored that the community
members that have a lot of experience with wearable devices do this: the Gurus. A
number of Gurus should be approached/ attracted that can carry the sensor assessment
process to the next level. Next to identifying the need and impact of Guru involvement,
a number of guru incentives (table 0.1) are recognized that actually can attract Gurus
effectively and seduce them to give the desired level of involvement into the feedback
system. Strong incentives will give these Gurus reasons to participate in the community
and start collecting and loading quality data.. To be able to create the right Guru
incentives, a number of required functionalities are stated (table 0.1).
Table: 0.1: Main Guru incentives/ goals and required functionalities
Guru incentive/ goal

Required functionality

Gain respect from feedback
system community and personal
network.

Public profile page with user crediting (currency
points) and a resulting status ranking. Depending
on user status, a review has a certain impact on
the sensor KPI scores. Also building APIs for
social networks (e.g. Facebook, Twitter) is
necessary.

Easy access to latest technologies
for analyzing data to gain
immediate value and more
revenues from blog ad clicks.

Widgets with open-source data to easily extract
graphs and tables created in the feedback system.
Gurus can then use these widgets on their own
blogs/ websites.

Minimize user effort.

Read files from directory path to exclude manual
interference for uploading data & automatic
filtering and pairing of uploaded testing data,
resulting in calculation of accuracy and reliability
scores without moderator interference.
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1 INTRODUCTION
Healthcare providers are frequently asked by governmental organizations and care recipients
to simultaneously reduce the cost of care and to improve the quality of care. One possibility
to facilitate this question is to shift the focus from curing diseases to prevention of diseases.
To support a preventive approach, surveillance (tracking) of the state of the body can be
beneficial. This development entails a new way of measuring: self-monitoring. The wearable
devices that can perform this self-monitoring have become increasingly popular over the last
years with the number of devices to choose of increasing rapidly. Multinationals like Philips,
Samsung and Apple are trying to pick up some margin of what ought to be a large
‘opportunity’ in a trillion dollar industry: the use of wearables in the organization of
continuous attention and preventive healthcare to patients. However, several issues and
discussion occur by which the full introduction of these self-tracking devices within
healthcare is held back. For example, one has to bear in mind how to process (personal) data
in a useful but simultaneously ‘responsible’ manner, considering for what the device is used
for and what persons are using the device. Next to that, it is unclear what conclusions users
actually can or may draw from their self-tracked data. Currently, a large variety of these
devices is put on the consumer market by different companies and insufficient knowledge is
present from a quality perspective about what devices should be used, when they should be
used and how they should be used. This thesis will contribute in answering these questions.

1.1 Company introduction: Selfcare
The thesis assignment is done in collaboration with Selfcare, a small company located in
Breda with a focus on self-care; a concept in which one self-manages the personal well-being
and health. Selfcare is currently developing an online platform in which several parameters
can be tracked by connecting a proprietary sensor. The measurements on their turn are
integrated in a user profile through which the health is monitored and taken care of: health
advice is given by coaches through looking at the interrelation of the parameters to one
another. When (some) parameter values are outside preset threshold values, the advice is
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given is even more strict. The challenges that Selfcare faces while applying their version of
the self-care concept are used as an input for the thesis.
Selfcare focusses their application on people who are over 40 years of age, among
them chronically ill and elderly people for who health advices are considered most beneficial
and stringent. However, the greater part of the current devices for self-tracking on the market
are focused on the young and healthy majority, also generalized as the ’quantified-selfers’
(Herz, 2014). Looking at the size of the market of these self-tracking devices, most of them
for use in the consumer market, a huge growth is reported with a number of 13 million
shipped wearables in 2013 and a forecasted 130 million shipped wearables in 2018 (Wei,
2014). Selfcare uses these types of devices for self-tracking to retrieve data from and advices
these also to their customers. However, these devices can be introduced on the consumer
market without proven quality of measurements and certification by independent bodies like
the FDA or CE. At this point, we reach the crux of the matter for Selfcare: assessment and
quality of wearable devices.

1.2 Problem background
Selfcare wants to assist their customers (consumers and patients) in monitoring their health.
On the other hand, the quality of information that Selfcare shows to their users to monitor
their health will be dependent on the measurements done by the sensors connected to the
application. In the contemporary situation, Selfcare is offering their users the ability to
include and visualize information about 6 parameters in their profile: blood pressure, steps,
weight, sleep, BMI and heart rate. Selfcare’s current way of working is that it gives out health
advice and guidance for improvement when one of the parameters is outside the
aforementioned ‘healthy’ limit values of a specific user, limits that the user can adjust him- or
herself. Selfcare is working on extending the number of sensors that can be connected with
the application through APIs (Application Programming Interface, ‘a software program that
facilitates interaction with other software programs’ (Janssen, 2015)) to increase their
compatibility. So for any accuracy, inaccuracy, reliability or unreliability of the user’s body
functions, Selfcare is dependent on the sensors. This situation will maintain as most sensors
with a purpose for self-tracking do not focus on the clinical market but only aim on the
consumer market that has no strict requirements with respect to accuracy and reliability.
Needless to say however, most users of wearable sensors do value a certain degree of
accuracy and reliability. At this moment, there is no such process present at Selfcare to
systematically select these sensors that are reliable (and accurate) in their measurements.
So why should one keep in mind that there actually is a clear distinction, following
the 93/ 42/ EEC council directive (European Commission, 2007), between the sensors with a
purely consumer market focus and the sensors that are popular on the consumer market but
are also accepted and certificated for use in a healthcare setting (medical devices)? The
answer is that this has to do with the present market situation in which consumers can’t see
the wood for the trees because all kinds of claims are made by producers about accuracy and
reliability of their sensor. These claims however are not substantiated by an independent
assessor or by a user community group. In a clinical trial for medical devices e.g., this would
be the case. In contrast for the consumer market, there is a large number of users and health
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care practitioners that heavily question the accuracy and reliability of devices like e.g. the
Fitbit, Basis Band and Pebble. Some of the more engaged users post their data of different
sensors in a variety of forums and question the diverging outcomes of their measurements.
Thereby, the consistency and quality of testing done by these heavily engaged users can be
questioned as it is often not clear under what conditions the test was executed. At this
moment, there is no overlapping platform that can collect quality data and assess the
reliability and accuracy of sensors.
One can imagine that it can have serious consequences for Selfcare’s credibility if a
number of very unreliable sensors are included in their application and consequently health
advice or health warnings are given while they should not be given or vice versa. The prior
two situations can be described as false positives (Type I error) and false negatives (Type II
error) wherein a false positive represents a case in which Selfcare improperly gives out health
advice and a false negative indicates a case in which Selfcare improperly does not give out
health advice. In a professional healthcare setting, the impact of Type I and Type II errors is
even greater as there is a direct relation to diagnosis and treatment.
Self-evidently, Selfcare would like to prevent the previous situation described and
only give out health advice and guidance when there is reason to this. A reliable sensor yields
the same results on repeated trials (Neuendorf, 2002). With a reliable sensor, Selfcare is able
to observe a delta in the parameters over time. Validity and precision of the sensors is not
focused on for this research as the wearables considered measure what they claim to measure
for the type of parameters taken into account (valid) and also measurement precision is lived
up to for the current wearable devices on the market as common scales are used (precise).
Accuracy is considered to be important but in the light of this problem background related to
Selfcare, reliability is prioritized. Accuracy (when comparing to a golden standard) is a
known area for improvement of most current wearables on the market. In a professional
healthcare setting, devices should be accurate also of course, as diagnosis is dependent on
this. However, as mentioned, for Selfcare it is more important to be able observe the change
over time of a certain parameter. A reliable sensor is needed for this.
Selfcare operates in an area where there is a field of tension between different
stakeholders. In general, there are five large stakeholders to be recognized, including Selfcare
(1). The users of the wearables can be divided in a group of Gurus (2), very active and
engaged users that have a large experience in testing and using different sensors. Currently it
is recognized from blogs that these Gurus have trouble comparing data from different sensors
without doing a lot of manual work in transforming data (Appendix H3). Next to Gurus, there
are the ‘normal users’ or layperson (3), the ones that only have one or a very small amount of
sensors that do not engage themselves too much in comparing and testing these sensors. The
sensor vendors (4) are trying to maximize their turnover by offering the best sensor value
proposition on the market. Last there is the group of health professionals (5) which are
looking from a distance at all these developments in the market, using only tested medical
devices at the moment in their practices but at the same time, a growing part of this group,
starts recommending the use of non-certified devices to their patients if they have the feeling
the measurements are useful, reliable and/ or accurate. On the other hand, the group of health
professionals expresses strong doubts about the preventive function of these non-certified
devices.
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To be able to set foot on the clinical market for medical devices, manufacturers have to apply
for certification of their product and most likely also have to perform studies to provide the
required proof of effectiveness and safety (including reliability and accuracy) of the device to
live up to legislative standards. The costs (before market introduction) of such certification
procedures for wearables are likely to be high. For this reason, and for time pressure, it
appears that most sensor developers prefer launching their sensor without certification and
promote it as a ‘cool’ product targeted at a young age group and/ or sportsmen. Later, when
the product starts to become a success, one often initiates a process to obtain a certification or
quality mark. Figure 1 clarifies this relationship between costs, reliability, medical devices
and consumer devices. A clear gap can be seen between the two devices on cost as well as on
perceived reliability.

Ttoal cost upto market
introduction

Relationship sensor costreliability
Medical device

Consumer
market device

Perceived reliability of sensor measurements

Figure 1: Perceived reliability and costs health devices
Summarizing the paragraph, Selfcare would like to give health advice based on (sufficient)
reliable sensor measurements and related to that, they would also like to give advice to the
users about which sensor is their best option to use. However, Selfcare currently doesn’t have
the availability over a process, system or structured workflow that can do the prior, nor it has
the availability over sufficient input from users or Gurus to set-up such a thing and make it
scalable by involving the open-community or crowd in this.
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1.3 Scope
A focus on certain parts of the described market is laid in this thesis as it gives a research
generally more depth and makes it more interesting and relevant for the (majority of the)
stakeholders.






The study will focus on so-called ‘activity trackers’ for daily use and will leave e.g.
high performance sports watches and the type of smartwatches designed for mobile
notifications out of scope.
Issues regarding privacy of personal data are mentioned but not treated in-depth to be
able to remain focus on reliability aspects.
Golden standard measurements are collected by legislated devices (medical devices)
to make a stronger inductive reasoning of the research possible
For building the prototype feedback system to support user and Guru feedback, the
tool Mendix is used since it has the advantage of being suitable for agile, model
driven development (1), it has a large user community (2) and the Eindhoven
University of Technology (TU/e) has ample experience with it (3).

1.4 Research questions
Following the described situation of the previous content discussed, one main research
questions and a number of sub-questions can be identified. These sub-questions will serve as
building blocks to answer the following main research question:
Research question
Which novel information system can support feedback of health sensors from different user
groups in an open community-driven way and have the ability to assess the sensors on their
quality?
i.
ii.
iii.
iv.

Who are the stakeholders involved or affected by sensor assessment?
Which feedback should be incorporated to make the assessment and how can quality
feedback be generated when working with non-certified health sensors?
What workflows and processes are created to be able to make a continuous
assessment for sensors and their parameters?
How can the workflows that facilitate the sensor assessment be made scalable in the
future?

To introduce the purpose of this research, figure 1 is evolved into a desired future situation
(figure 2). For this, it is made use of the fact that crowd influence can be leveraged and it is
likely that the perceived reliability of the sensor can be positively or negatively influenced
with this leverage.
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Ttoal cost upto market
introduction

Relationship sensor cost- reliability
Medical device

Consumer
market device
Negative/ positive influence of crowd/ community testing

Perceived reliability of sensor measurements

Figure 2: Community testing influence on perceived reliability and costs
The main purpose of this thesis is facilitating the above suggested transition by ‘enabling the
community to generate quality feedback for self-tracking devices and to subsequently enable
them with the ability to assess the quality of these devices.’ One of the objectives is to find
out how such a community can be enabled what can be used to and how this knowledge can
be applied in building a prototype of a platform fulfilling this enabling role. The research
design in chapter 3 will elaborate on this.

1.5 Project outline
The remainder of this thesis is structured in the following manner: Chapter 2 will give an indepth theoretical background about the concepts of wearable devices and personal data.
Chapter 3 will discuss the design of this thesis with a roadmap for all work performed and the
users aimed at for the prototype. Chapter 4 will then first clarify the data collection
procedure, followed by stating the finalized agreed system requirements and the resulting
system functionalities that have been built during the iterative system development process.
Last in this chapter, the current situation of Selfcare and a future situation of Selfcare are
described where in the latter; there is interaction with the proposed feedback system. Chapter
5 will show analysis and results of the self-obtained data whereas chapter 6 will validate the
prototype, the accompanying workflows and evaluate the system requirements. The thesis is
concluded with a final discussion chapter that contains conclusions, recommendations and
limitations with guidance for future research.
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2 THEORETICAL BACKGROUND
This chapter will give a synopsis of the literature review performed at the start of this master
thesis. First of all, it is necessary to introduce the umbrella terms ‘eHealth’ and ‘mHealth’.
For eHealth (electronic health), there is no uniformity about what this term exactly covers but
the most accepted and complete definition is the following:
‘An emerging field in the intersection of medical informatics, public health and business,
referring to health services and information delivered or enhanced through the Internet and
related technologies. In a broader sense, the term characterizes not only a technical
development, but also a state-of-mind, a way of thinking, an attitude, and a commitment for
networked, global thinking, to improve health care locally, regionally, and worldwide by
using information and communication technology (Eysenbach, 2001)’.
mHealth (mobile health) is considered a component of eHealth and is defined as:
‘medical and public health practice supported by mobile devices, such as mobile phones,
patient monitoring devices, personal digital assistants (PDAs), and other wireless devices’
(WHO, 2011).
As for these definitions, mHealth can be seen as a sub-segment of eHealth. To further outline
these terms, a number of topics will be covered: The first paragraph makes clear the crucial
distinction between a medical device and a health device, the second paragraph describes a
taxonomy for systems within eHealth, the third paragraph covers a wider area with scenarios
before, during and after the use of mHealth technology and the last paragraph discusses what
this thesis will contribute to the literature discussed.
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2.1 Medical devices and health devices
The European Commission (2012) defines the term medical device as: ‘any instrument,
apparatus, appliance, software, material or other article, whether used alone or in
combination, including the software intended by its manufacturer to be used specifically for
diagnostic and/or therapeutic purposes and necessary for its proper application’. Herein,
therapy is more broadly defined as ‘a kind of treatment’ (Snow & Paternite, 1986). The FDA,
the Food and Drug Administration in the United States, uses a similar definition concerning
diagnosis and therapy but adds that it has to meet the standards of the National Formulary US Pharmacopoeia and is ‘intended to affect the structure or any function of the body of man
or other animals, and which does not achieve its primary intended purposes through
chemical action within or on the body of man or other animals and which is not dependent
upon being metabolized for the achievement of any of its primary intended purposes’(FDA,
2014). Both definitions will be taken into account for the purpose of this thesis.
Within the medical devices, there can also be made a classification. In figure 3, that
is deviated from CE marking document 93/42/EEC (European Commission, 2007), one can
see the different classes for medical devices (1), the standards and procedures it has to live up
to for legislation (2) and a number of example devices (3). Most medical devices within the
scope of this thesis will be part of the second class.

Class I (low risk)

Subject to general controls, standards pertaining to labelling, manufacturing
postmarketing surveillance, and reporting.
E.g. elastic bandages, hand held dental instruments or examination gloves.

Class IIa and IIb (medium risk)

Require special controls that may include performance standards, design controls
and postmarketing surveillance programmes.
E.g. electronic blood pressure measuring equipment, biological sensors or
dialysis equipment.

Class III (high risk)

Highest potential risk, generally requires clinical data demonstrating reasonable
assurance that the device is safe and effective in the target population.
E.g. cardiovascular catheters, spinal needles or temporary pacemaker leads
Figure 3: Medical devices' classes, adapted from 93/42/EEC marking (European
Commission, 2007)
After specifying the classes for medical devices, it is useful to specify the process through
which they have to go to for legislation. In figure 4 that is adapted from the Dutch Council
for Public Health and Health Care, a guidance of this can be found, circling what most likely
will be the most deterrent issue for health device producers: the clinical evaluation.
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Figure 4: EC legislation process overview (IJzerman, 2014)
Contemplating the previous paragraph, the discussion arises whether ‘grey area devices’
(devices of which it is not so clear whether they offer diagnosis and treatment) should be
obliged to apply for legislation or not. It is expected that eHealth and regulatory healthcare
will interweave in the years to come (RvZ, 2015) although it is still the case that ‘Medical
monitoring applications differ from other wearable applications in their I/O requirements,
sensors, reliability, privacy issues, and user interface’ (Martin, Jovanov, & Raskovic, 2000).
Within health care, one generally makes the distinction between the phases of diagnosis and
treatment. A device that only is involved in monitoring and not in diagnosis and treatment
will be referred to as a ‘monitoring device’ or more general, ‘a gadget’. A device can only
officially wear the name ‘medical device’ if it is legislated for ‘diagnostic and/or therapeutic
purposes’ and thus is approved by the FDA or EC (European Commission, 2012; FDA,
2014). Classifying a gadget is more open for interpretation and is inconsistently defined by
different unofficial sources with only overlap on the term ‘novel device’.
So is the main focus of this thesis on the prior or the latter device? The answer is the
latter: the monitoring devices or gadgets. Whereas the prior, the medical devices, are more
focused on the clinical market, the gadgets are more focused on the consumer market. In the
consumer market, one can see a lack of public transparency on quality and performance
aspects of these different monitoring devices.
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2.2 Taxonomy of eHealth/ mHealth systems
Almalki, Martin-Sanchez, and Gray (2013) introduce the term ´primary Quantified-self
Systems’ (primary QS systems) that they define as ‘a single tool or app for collecting one-toseveral health-related metrics’. More explicitly, a primary QS system consists of a tool or
sensor for capturing and recording personal health data, and an app for analyzing, visualizing
and sharing the collected data. A ‘secondary Quantified-self system’ can be defined as ‘a
single tool or app for aggregating or integrating the collected data by a primary QS tool’.
Further, there can be made a distinction between software-based and hardware-based systems
for which a hardware-based system does have connector that is able to retrieve data directly
from primary tracking tools and a software-based system lack this proprietary connector.
Selfcare will fall into this category of a software-based secondary QS system since it has no
connector but retrieves its data via APIs after the user has uploaded his/ her data to the
producer’s application.
Within the primary QS systems, one can make a distinction between mobile and
fixed QS systems; for mobile self-quantification, the sensor collects data while it is installed
on a moving object such as a person and in fixed self-quantification, the sensor is collecting
data while it is installed in a fixed place such as an office, home or clinic (Almalki et al.,
2013).
The focus of this thesis will be on the On-Body Mobile Primary self-quantification
systems, which can be classified again into three groups: standalone QS systems, smartphone
QS systems and hybrid QS systems (Almalki et al., 2013), in which the latter, the hybrid QS
system, is the most prevalent in the current market. These three types are defined in the
following paragraph, followed by an overview (figure 5).
Standalone QS system: tool that captures and displays data in real time and stores it in
internal memory. The user can see the measurements on the tool’s screen.
Smartphone QS system: built-in device capabilities are used for entering data, e.g. a phone’s
camera, GPS, accelerators or keyboard.
Hybrid QS system: external sensors capture data and synchronize with a smartphone and/or
computer.
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Figure 5: Classification of primary Self-Quantification Systems (Almalki et al., 2013)

2.3 Risks related to the use of mHealth
As the increased use of health apps and health devices by consumers is not without a shadow
side, a number of unintended side effects and risks are recognized: quality issues, safety
issues, risk of ‘medicalization’ and sociological risks (Buijink, Visser, & Marshall, 2013;
Lupton, 2014; Lupton & Jutel, 2015; RvZ, 2015). The focal apps and devices tend to develop
in a way that an increasing number of them claim to have self-diagnostic and self-therapeutic
characteristics. This while quality and safety (clinical effectivity) are not proven (RvZ, 2015).
Medicalization describes ‘a process by which nonmedical problems become defined and
treated as medical problems, usually in terms of illnesses or disorders’ (Conrad, 1992),
something that can arise when concluding from poor observations and/ or data. Related to
this, sociological risks are present in a way that lay people use these apps and devices and do
not know how to use them correctly, what conclusions to draw from them or how to relate the
outcomes to health practitioners (Lupton, 2014; Lupton & Jutel, 2015).
Elaborating on the previous paragraph, some unintended side effects can even be
recognized as (medical) risks. For example, taking a blood pressure measurement with a nonaccurate/ reliable device or performing a measurement in the wrong way delivering
(continuous) falsely low or high values (Jacobs, 2014) can lead to wrongly starting or not
starting a treatment program what of course can have a significant impact on one’s wellbeing. The position of the most important regulatory body regarding medical devices, the
FDA, is tried to be clarified with a recent announcement. In this announcement (FDA, 2013),
the FDA states that their focus is ‘regulatory oversight on a subset of mobile medical apps
that present a greater risk to patients if they do not work as intended’. Oversight and testing
whether apps work as intended is a strenuous job: as of June 2013 there were already 43.689
consumer healthcare apps present in the app store and this number keeps on growing (Aitken,
2013).
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2.4 Research contribution
To demonstrate scientific relevance of the thesis and not only practical relevance, this
paragraph will discuss a number of papers that are closely related to the focus of this thesis
and its execution. The lessons learned and directions for future research in these papers will
contribute to the way the prototype information system is set-up.
As a great part of previous literature (Buijink et al., 2013; Lupton, 2014; Lupton &
Jutel, 2015; RvZ, 2015) departs from a position in which wearables have difficulties to
contribute to a good health advice because there is no insight and proof on their accuracy and
reliability, an opportunity is created for a research that leaves from a different position.
Taking into account that there are indeed cases of sensors that are not ‘accurate’ and do not
have FDA/CE approval, value can still be provided by delivering insights in reliability. Once
is found there is sufficient reliability, a wearable can be a useful addition to the examination
and treatment of a (potential) patient. This research will focus on ways to reveal this
usefulness by building an information system that facilitates, inter alia, deeper insights in
sensor reliability.
The Dutch Council for Public Health and Health Care (RvZ, 2015) identifies a
number of deficiencies in the current Dutch healthcare consumer market and recommends a
quality mark for consumer eHealth with which users can easily oversee to which standards
the health device lives up to. They also recognize a lack of appropriate research methods
prove clinical usefulness of health devices. This thesis will contribute to both recognized
issues.
Following-up with the architecture of a system, Estrin & Sim (2010) draw up an
Open mHealth architecture, a framework that proposes to work with an open community to
address data sharing and collaboration for increasing the scale and effectiveness of mHealth.,
something that is achieved less easily with a closed, stovepipe architecture. The difference
with this architecture is that the system build in this thesis will not directly focus on
caregivers and the clinical market but will keep its focal focus on the consumer market.
Mansuri & Rao (2004) note that ‘community-based and –driven development
projects’ are best undertaken in a context-specific manner, with a long time horizon and with
careful and well-designed monitoring and evaluation systems’. For that, the context of the
feedback system is made very clear and although in this thesis is only developed a prototype
and horizon is short, it is designed with the ability of longitudinal monitoring and making
users able to give their evaluation.
Estrin (2011, 2012) recognizes the necessity of using communities to form
interactive, participatory sensor networks and propose a suitable concept with respect to the
problem situation of this thesis: participatory mHealth. This concept is concerned with
matters on how to transform previously unmeasured behaviors and practices into
personalized, evidence-based, and evidence-producing care; essentially stimulating the use of
a community to produce personalized and evidence-based care.
Ruckenstein (2014) stresses the importance of visualization and interpretation of
data and states that this is even more important than the technology itself. This gives the
practice incentive to help users exhibiting their data in a well-organized manner and make
them able to compare their measurements. Estrin & Sim (2010) verify this view by stating
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that ‘standardized interfaces and shared components are critical for realizing the potential of
mobile-device-enabled health care delivery and research’. However, Chen et al. (2012)
recognize a contemporary lack of sophisticated and effective tools for data visualization and
analysis. Almalki et al. (2013) give a number of examples of online analytical tools that can
visualize data for analysis that are suitable for self-tracking systems used by laypeople:
ChartMySelf, TRAQS.me and Statwing. Some of these tools even offer integration with
popular health and fitness sensors on the market or offer integration with common formats of
databases to ease the amount of effort necessary to be made for good visualization. For an
average layperson although, these advanced tools for visualization are not within reach.
In summary, three concepts from the discussed literature arise that are highly relevant for this
thesis and to which there will be contributed:
1. Transparency of accuracy and reliability (quality) scores for sensors
2. Open-community driven
3. Visualization and interpretation of data
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3 RESEARCH DESIGN
In the previous chapters, practical and theoretical background of the thesis is discussed. This
chapter will elaborate on this and describe the design that is made to perform the research.
First, a theoretical framework is described that will lead the most important deliverable of
this thesis: the prototype of the sensor feedback information system (SFS). After that, this
framework is applied in the overall research methodology of this thesis. Last, the users on
which the thesis has a focus on are recognized.

3.1 Research approach: (Rational) Unified Process
The Unified Software Development Process (Pressman, 2010), also named Rational Unified
Process (RUP) or Unified Process (UP) is an iterative, incremental model for developing
software. The main strength of the RUP and also the reason why this process is chosen is its
ability to be use-case driven and to recognize the importance of customer communication and
streamlined methods for describing the customer’s view of a system. Another argument from
Kruchten (2004) to choose the model is that ‘a large part of the Rational Unified Process is
about developing and maintaining models of the system under development’, making it fit for
this thesis. The model is widely accepted looking at the number of times the specific book of
Kruchten about the RUP (Kruchten, 2004) is cited by in Google Scholar (4334) and the type
of books it is cited by: highly appreciated educational books about software architecture and
journals as e.g. the MIS quarterly. Figure 6 is reprinted from Pressman (2010) and visualizes
the phases within the RUP and its iterative character.
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Figure 6: Rational Unified Process (Pressman, 2010)
Although the number of iterations is difficult to indicate for each project, Kruchten (2004)
gives some indications for projects with a specific, outlined scope. These will be used as
initial values for this thesis. The following number of iterations were made in each phase:
Inception: (1), elaboration: (2), construction: (2), transition: (1). Making six iterations in total.
Kruchten (2004) sketches the four parallel executed iterative phases of a UP on a timeline
and when the respective process/ supporting disciplines are performed (figure 7). The
realized iterative development process can be found in Appendix B3. The production phase is
not included as it is not covered in this project.

Figure 7: Visualization of iterative RUP phases (Kruchten, 2004)
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3.2 Research methodology
To demonstrate the framework applied in this master thesis, the figure 8 is created to give an
idea what is handled in each chapter and phase of the research, taking into account the
aforementioned iterative approach to develop the system.

Chapter 1:
Introduction

Define scope
and planning

Chapter 2:
Theoretical
background

Outline thesis
work

Chapter 3: Research
Design

Build necessary artifacts
for quality feedback
- models
- requirements
-design documents
- templates guru/ layman
- golden standard
comparison data

Chapter 4:
Prototype system

Agree on final
thesis
deliverables

Prototype
construction

Reflection

Validate and
test the tools

Use all data to
assess sensors

Chapter 7:
Conclusions and
recommendations

Chapter 6:
Validation

Chapter
5:Methodology for
sensor assessment

Figure 8: Research methodology guided by RUP (6 iterations)
Finally, the bar chart in figure 9 outlines the parallel working phases of the thesis and where
each phase is documented in this report. Appendix B3 highlights where the exact iterations
have taken place.
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Parallel iterative methodology
6
Sensor data

Prototype

Workflows

Prepare data
collection (4.1)

Initial prototype
artifacts (4.2)

As-is
situation (4.4)

Data collection & Generate scores &
input SFS (5.2, 5.3)
KPIs (5.1)

Prototype building &
updating artifacts (4.3)

To-be situation with
system interaction (4.5)

Validation system &
requirements (6.1, 6.3)

Workflow
validation (6.2)

Time
Figure 9: Detailed parallel working phases
It has to be noted that for the phase of ‘data collection’, the ambition is not to strive for
generalizability of results and make judgement about sensor quality but to provide an initial
data set in the SFS and illustrate feasibility of the testing procedures as well as showing that
extracting, transforming and loading (ETL) of health device data is possible with the SFS.

3.3 Identifying the users
So what persons and user groups do actually use these devices and what people might start to
use the SFS? The first user group seems relatively easy to identify as ‘the application of ehealth tools empowers people with a chronic disease to be actively engaged in the
management of their health’ (Wicks, Stamford, Grootenhuis, Haverman, & Ahmed, 2014).
For users with a chronic disease there seems to be a direct value in continuously measuring
and tracking body parameters as it enables them to control their disease and the give them
better indications whether it is necessary to contact a caregiver at a given moment. To
indicate the significance of this group, Ward, Schiller, & Goodman (2014) state that 37,5% of
the U.S. population suffer one or multiple chronic diseases.
The second user group is slightly more difficult to define and is broader. These are
the people that are interested in the novelty of the technique, possibly worry about their
health, but not necessarily are sick. To this group also belong the ‘quantified-selfers’, a group
that has adopted the quantified-self philosophy. Quantified-self can be defined as ‘all
collection and analyzing of data (such as biological, physical, behavioral or environmental)
about the self on a daily basis to improve one’s life using computing devices’ (Brouwers,
2015). The members of the second user group can be characterized as a kind of early adopters
with particularly high interest in new technology (CCS, 2013). In general, they do not aim to
control a specific illness or condition by means of self-tracking.
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No condition present

Next to identifying these two user groups, there can be made a distinction between users that
are deeply engaged in tracking with health devices and the users that are less engaged and
track themselves without the intention to analyze their data actively. The deeply engaged
users enjoy themselves by e.g. exploring the differences in behavior by testing different
devices, extracting and exploring their own data with the aim to learn from it and actively
participating in (health) communities like e.g. ‘PatientsLikeMe’, the Strava community or the
Fitbit community. These deeply engaged users often have multiple devices in their possession
and can also be named ‘Gurus’. On the other hand, there are the less engaged users that do
not want to dig into the data very actively but start tracking to encourage themselves to
(maybe) become more active. The latter group often only possesses one or two tracker and is
satisfied with only doing the basis things with it. Both user groups will be represented in the
SFS where the amount of engagement will determine the role they will fulfill (chapter 4.3).
Figure 10 then depicts the user groups in a matrix form.

Interested
users(layperson)
Track and see personal data results

Quantified selfer (Guru)
Collect and explore all personal data

Condition present

Engagement →
Actively engaged user
(Guru)

Passive user (layperson)
Control disease and know when to
contact a caregiver

Gain new insights in disease by
extracting and analyzing all personal
data

Figure 10: Summary of wearable user profiles
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4 PROTOTYPE DEVELOPMENT
This chapter will involve reporting matters related to the main research question answered in
this thesis. All research methods are performed in parallel, as explained in the previous
chapter. First, the data collection procedures are described, and then the system requirements
formation and updating process is explained for. These requirements then lead to a number of
listed system functionalities. Finally, the As-is situation of Selfcare is described, followed by
a To-Be situation in which the prototype system starts to play a role.

4.1 Data collection procedure
Due to resource constraints, all data for input into the feedback system is acquired by selfmeasurements done by the researcher on himself (N=1). For this reason and as mentioned in
the methodology section, the ambition here is not to strive for generalizability of results but
to provide examples of testing sessions for other community members that will help them
performing their own testing. Four ‘health’ parameters were selected for which data was
collected by the researcher: blood pressure, heart rate, steps and weight. Only tests for
steps on a treadmill were done for a larger sample (N=4). To be able to start off the test
procedure and finally be able to define scores for reliability and accuracy, a ‘golden standard’
for each of the parameters had to be set to which the sensors can be compared to. This is a
definitive and decisive standard; the measure against which everything else is compared
(Timmermans & Berg, 2003). Following from this, assumed is that the golden standard is a
medical device that is commonly used in hospitals/ diagnostic centers. For each of the four
parameters where testing was done for, only one medical device is incorporated in the
research. Only for step counting, an alternative golden standard had to be used as described in
Appendix A. For the rest of the measurements, only non-certified devices aimed at the
consumer market were taken into account. A selection of 24 non-certified devices/
applications, most of them available in The Netherlands, was used to make comparisons to
the ‘golden standards’. All specific medical devices, non-certified health sensors, the
parameters that they measure and an overall measurement plan can be found in Appendix A.
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The main purpose of testing devices is to check how measurements from non-certified,
consumer market oriented devices behave against (simultaneously performed) measurements
from certified, medical devices. The non-certified and certified devices to be taken into
account are selected after a careful consideration involving the company supervisor and a
number of GPs (appendix A). To make an adequate comparison and assessment of the
devices to be tested and included in the feedback system, a certain procedure for data
collection has to be maintained. This procedure has been set up and can be found in full in
Appendix A. In the below paragraph, the quality of the research design for data collection is
discussed.
The procedure for collecting self-tracking data (to be able to build a valid demo with data of
the prototype) has some characteristics that resemble a case study as it ‘investigates a
contemporary phenomenon in depth and within its real-life context’ (Yin, 2008). The same
book of (Yin, 2008) is used to maximize the quality of the data by fulfilling the conditions of
(a) construct validity, (b) internal validity, (c) external validity and (d) reliability. Especially
(d) will be important for this test.
1. Construct validity is high as all sensors are believed to measure what they should
measure.
2. Internal validity is left out of scope as there is no causal relationship is sought
3. Due to the focus of the thesis and restricted time, the number of participants (N) is
equal to 1 for most tests, making the external validity and generalizability limited.
4. With a well-thought and documented method that contains clear procedures and
standards, a high internal and external reliability is claimed; later investors should
arrive at the same findings following this method and there is consistency of data
collection, analysis and interpretation. Inter alia, the ‘test re-test’ and ‘intra-tester’
methods are used to achieve this.

4.2 Elicitation of system requirements
First of all, it is decided that every user makes uses of the system in a certain role. This
decision is endorsed by Nielsen & Loranger (2006), as there is ‘a gap between lowexperience and high-experience users in the success rate of site-specific tasks’, what indicates
that freedom of movement is more of an advantage for skilled users and more of an
impediment for less skilled users. For the prototype system, it is therefore desired that every
role has its own functionalities in the system with more/ less freedom of movement. Roles
can be changed in some extent community influence. Also, there is a certain hierarchy
between roles with an ascending number of functionalities as one goes up in the pyramid. For
a starting user, it is possible to climb up to the role of Guru. The hierarchy is depicted in
figure 11.
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Admin
Moderator

Guru
Layperson
Anonymous user
Figure 11: Role differentiation feedback system
To be able start building the prototype system, a number of requirements need to be stated
up-front. The requirements of the project are listed using the MoSCoW-method, known for
its usage within agile software development (Highsmith & Cockburn, 2001). This method
classifies different requirements within a (software) project to make sure one has an overview
of what is necessary to make the project succeed and what within the scope. The four
prioritizing indicators can be defined as follows:
1.
2.
3.
4.

Must have: must be satisfied in the final solution for a successful project.
Should have: high-priority item but the project is still useful without them.
Could have: desirable but not necessary. Only included if time and resources permit.
Would have: will not be in the project but can be interesting in the future.

All requirements have been set-up in agreement with the university supervisor, the Selfcare
supervisor and the Selfcare CEO. The requirements have been updated and finalized after the
first iteration. Out of these requirements, system functionalities were created. These were
then updated after each iteration. This whole process is explained more in detail in the next
chapter. Table 1 shows the final requirements for the thesis deliverables using the MoSCoWmethod.
Table 1: MoSCoW requirements for prototype and related matters
Requirement/ Priority

Must
have

Possibility for integration of feedback by layman
and Guru (1)

X

Reliability and accuracy score on 4 parameters per
wearable sensor involved in the project (2)

X

Methodology for wearable sensor assessment (3)

X

Validation of sensor assessment tool (4)

Should
have

Could
have

Would
have

X
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X

Integration with Zendesk for user information (5)
Maintained by open-community (6)

X

Generation of tables and graphs, easy visualization
and interpretation for the user (7)

X

User-specified sensor recommendation (8)

X

Friendly UI (9)

X

Selfcare sensor manual (10)

X

Set ‘norms’ for what is generally accepted about
inaccuracy or unreliability of a sensor (11)

X

Link the number of steps to a minimum point for
‘healthy living’ (12)

X

4.3 System functionalities and user input
To translate the aforementioned requirements into system functionalities, it is useful to first
make a use-case diagram with an overview of the total system (figure 12). This use case
represents all the different stakeholders involved and the interaction they can have with the
feedback system.
High-level Sensor feedback system

Manage Guru feedback
with integrated graphs
of data subsets

Guru
Feedback
system

Manage simple layman/
user feedback

Layman

Manage sensor
classification/ review
assessment

Moderator

Make use of sensor
ranking and approved
reviews (open-access)

Figure 12: High-level use case diagram prototype system
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Sensor vendor

Health
professional

In Appendix B1, a more detailed use case diagram for the Guru and layperson roles can be
found whereas in Appendix B2, a follow-up class diagram of the prototype is prepared.
Appendix B3 then gives an overview of all iterations made during the development. These
iterations are the moments at which the functionalities are updated and expanded every time.
After finishing these artefacts, the final functionalities of the system can be listed in table 2.
Table 2: Listing system functionalities and authorized roles
Functionality/ role

Administrator

Moderator

Guru

Layperson

Guest

Apply structural model
changes

x

Make changes to sensor
& parameter database

x

x

Approve/ disapprove
reviews

x

x

Update the sensor
ranking table

x

x

Write a review with data
support

x

x

x

Apply for a new sensor/
parameter & review
Guru applications

(x)

(x)

x

Comment and grade
reviews

x

x

x

x

Write a review with only
text

x

x

x

x

Apply for an upgrade to
a Guru role

(x)

(x)

(x)

x

Make a new account as a
layperson

(x)

(x)

(x)

(x)

x

View approved reviews
and sensor ranking

x

x

x

x

x

*(x): this user has the option to perform this feature but would normally not make use of it
because of superior options present.
As mentioned before, the functionalities are reviewed, updated and expanded at every
iteration. Whereas in iteration 1-3 there is mainly input from the supervisors, in iteration 4-6
there is made use of user input from Gurus and laypersons by performing two series of user
tests and a questionnaire for Gurus that can be found in chapter 6.1.
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A breakdown of the main input tool used within the SFS (the review template) can be found
in appendix C1. This template contains all the fields to make a sensor assessment possible
and because of moderator control on these reviews, it is made sure there is only quality
feedback in the SFS present. To be able to create a review through the template, an initial
database with a list of sensors and parameters the user can choose of has been generated. This
initial input will take into account a number of currently popular sensors and parameters. As
described, Gurus have the option to apply for a new sensor/ parameter and empower/
stimulate the community to write a new review for the added item. New items can be added
by the moderator by approving a request by a Guru or by manually adding a new item to the
database via the user interface. This way, the database is easily configurable and will remain
up to date. Specification of all initial input at 01-09-15 (parameters and sensors involved) can
be found in Appendix D.
As an extra functionality, there is some attention to the fact how community
members know what their role within the system is. To clarify this for them, a small
functionality has been added to the system in the form of a message that shows information to
a layperson or Guru about their abilities and responsibilities. This information is shown at
their first login or when a layperson user wants to apply for a Guru role.
A layperson is shown that he or she has the additional abilities (in comparison to an
anonymous person) to:
-

Create reviews for sensors.
Give comments and rate other user’s reviews.

A Guru is shown that he or she has the following abilities:
-

-

Create reviews and upload (or manually add) associated data for tests done with a
sensor. For testing, one has to use a 'golden standard' (medical device) as a reference
to compare uploaded data to data from non-certified sensors. More information about
golden standards and procedures is available from the review-form.
Apply for new sensor/ parameter in the system (input requests, to be assessed by a
moderator).

A Guru is also shown that he or she has to following responsibilities:
-

Assist in the assessment of new requests from laypersons that want to become a Guru
(Guru role requests).
Help maintaining the high-quality image of this platform by inter alia giving
laypersons advice on their reviews and report non-quality issues to the moderators.

4.4 As-is situation
As described in the problem situation, Selfcare struggles with the situation that there
currently is no established process to support a selection of reliable sensors. Their current
way of working is depicted in the following workflows that describe the situations of when a
user wants to add a sensor to their Selfcare profile (figure 13) and the situation in which
Selfcare wants to add a sensor to their platform that can be connected by the user (figure 14).
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As-is: User wants to add a new sensor to profile

User already
has a sensor

Check if sensor can
be connected

Sensor cannot
be connected

User wants
to add a sensor

Fail: Sensor
not connected
Sensor can be
connected
Selected sensors
for use

Connect sensor to
Selfcare application

User does not
yet possess
a sensor

Success: Sensor
connected

Willingness to
show more
quality sensor
info to customers
to make a
decision

Selected sensors

Redirect user to
selected list of
sensors

Select sensor from
list and buy from
(cheapest) webstore

Selfcare shows an x number of
devices per parameter (based on
their sensor selection process). When
the user selects one of these sensors,
the website shows a few links to
webstores with a price tag (23-07)

Figure 13: As-is situation (1): User wants to add a new sensor
As-is: Selfcare wants to add a new sensor to their ‘sensors for use’ list (and make an API connection)

Informal Selfcare
decision made
based on market
volume (27-07-15)

Decision can be made better
with more quality infor on
reliability, accuracy and ease of
use

Sensor does not
have sufficient
market volume

Sensor from a supplier
that is not yet in
portfolio

Parameter not
found to be
complementary

Fail: Sensor
not added
Sensor has
sufficient
market volume
Sensor is from
a supplier that
Is already
In portfolio

Parameter
Is found to be
complementary

Add sensor to
approved sensors
list

Extend API
integrations
Success: Sensor
added

Main parameter
of sensor not yet
In system

Main parameter
of sensor
already In system

Selected
parameters for use

Selected sensors
for use

Start parameter and
sensor assessment
A sensor is
suggested
by Selfcare

Figure 14: As-is situation (2): Selfcare wants to add a sensor connection
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From the described workflows can be seen that Selfcare is not able to make a quality
selection of highly reliable and accurate sensors at the moment. Another issue in the current
situation that is described in the problem description is that the Gurus find it difficult to
compare data obtained from different sensors. If a Guru e.g. performs a running activity with
different heart rate trackers, it is requires a lot of work (parsing data, working with exceltables, etcetera) to get this data in one graph where one can clearly see the differences
between the sensor’s measurements. The next paragraph will describe a new situation in
which Selfcare can interact with the designed SFS to enable them to select the right quality
sensors. Also, it will demonstrate the new ability for Gurus that helps them to overcome
inefficiencies in comparing data from different sensors. The processes are explained in the
form of a workflow as well as in the form of actual demonstration videos.

4.5 To-be situation with system interaction
The designed prototype sensor assessment platform can interact with users in several ways. A
number of five workflows in total have been added to the As-is situations that illustrate the
interaction with the SFS: one new high-level overview and four new situations that help to
make sensor assessment possible through the SFS. In figure 15, the high-level overview of
the functioning of the system is given where any forms and databases used in the feedback
system will be indicated with ‘SFS’. Figure 15 is then also new in relation to the As-is
situation as there existed no SFS in the former situation. Figure 16 and figure 17 describe the
only two processes that also existed in the As-is situation in which the delta (change with
respect to the previous situation) is highlighted.

Community member

Start user session
(create an account/
login if necessary
for purpose)

Lookup information
about tested
sensors (ranking,
approved reviews)

Well-grounded
sensor assessment
of health
device made

Give sensor
feedback (with
optional data
support/
performance testing
Role=> Guru
possibility)

Role=layman

SFS Review
NewEdit

Adapt feedback/
testing

Give sensor
feedback (without
data support)

Selfcare/
moderator

Need/ interest in
health devices

Sensor Feedback
System

High-level Sensor Feedback Process

All roles

Review not of
sufficient quality

Review of
sufficient quality

Approved reviews

Mark review as
approved

Figure 15: High-level feedback system workflow
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Consult user how to
upgrade quality

Determine KPI
scores of sensor and
ranking
Qualitative &
quantitative user
feedback processed

The two workflows described for the As-is situation have been adapted accordingly to make
SFS interaction and quality sensor assessment possible. Additions/ changes to the As-is
situation are indicated with a dotted rectangle box and shapes that were (also) part of the Asis situation are colored in orange. In figure 16 and 17, the To-be situations can be found:

Sensor requests

Provide a user
request for adding
sensor

Start sensor
selection

To-be: User wants to add a new sensor to profile
As-is situation:
sensor cannot be connected

User already
has a
sensor

User wants
to add a sensor

Fail: Sensor
not connected

Sensor
can be
connected

Check if sensor can
be connected

Connect sensor to
Selfcare application
Connecting
ended

To-be situation:
Sensor cannot
be connected

Selected sensors
for use

User does not
yet possess
a sensor

Succes: Sensor
connected

Select sensor from
list and buy from
(cheapest) webstore

Selected sensors

Redirect user to
selected list of
sensors

Sensor KPI scoring

Quality information about
every sensor at hand, KPI’s:
reliablity, accuracy, ease of use and
overall score

Figure 16: To-be situation (1): User wants to add a new sensor
From figure 16, some important changes from the As-is situation (1) can be spotted:
1. The error event makes sure that action is undertaken if a sensor cannot be
connected: the sensor selection process is started (figure 17). In the As-is
situation there was a ‘fail’ end situation in case a sensor could not be
connected. This time the process is continued.
2. The user has the ability over quality sensor information when he or she wants
to select and buy a new sensor instead of only a price comparison.
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To-be: Selfcare wants to add a new sensor to their ‘sensors for use’ list (and make an API connection)
Parameter not
found to be
complementary

Sensor from a
supplier that is
not yet in portfolio
As-is situation, informal Selfcare decision:
sensor has sufficient market volume

Fail: sensor
not added

Disapproved
sensor
Sensor from
a supplier
that is
already in
portfolio

Parameter
Is found to be
complementary

To-be
situation

Formal sensor
quality checks

Approved
sensor

Extend API
integration

Success: sensor
added

Main parameter
of sensor not
yet in system
Main parameter
of sensor
already in
system

Selected
parameters for use

Selected sensors
for use
Approved sensors

Start parameter and
sensor assessment

As-is situation: No formal quality checks

A sensor is
suggested
by Selfcare

Number of requests for
specific sensor >=3
Sensor requests
Receive ‘sensor
Add’ request

Figure 17: To-be situation (2): Selfcare wants to add a sensor connection
From figure 17, again some important changes from the As-is situation (2) can be spotted:
1. The workflow can be started in two ways instead of only one in the As-is situation: a
suggestion by Selfcare and an aggregation of suggestions made by several Selfcare
users.
2. Formal sensor quality checks (appendix G1) are performed that make an impact on
the sensor approval decision (‘selected sensors for use’ database) whereas in the prior
situation, only informal checks on the sensor market volume were done at this point to
make the sensor approval decision and to build the API connection.
Next to the high-level SFS interaction overview and the evolved As-is situation, a number of
four sub-processes have been made: ‘a user wants to give a review’ (1), ‘user wants to
perform sensor testing’ (2), ‘sensor quality checks performed by Selfcare’ (3) and ‘KPI
calculation by Selfcare’ (4), in which the accuracy score, reliability score and ease of use
score are part of the KPIs. All KPI scores are collected in a ‘sensor ranking’ table in which
the user has the ability to filter on sensors, parameters and their scores. In appendix G1, the
aforementioned sub-processes can be found.
Besides modeling all workflows formally, a number of screencasts have been recorded to
demonstrate all functionalities of the SFS. These screencasts are guided by the As-is
workflows and To-be workflows of Selfcare. The order of the screencasts will follow a
‘storytelling’ setting in which a user is redirected from the Selfcare platform and progresses
in the use of the SFS system, ultimately, being able to make a well-informed sensor selection.
Not only the As-is and To-be situation for Selfcare should be discussed, as there is a
To-be situation as well for the Gurus in which they now have the tools to make an easy
graphical comparison of various devices used, to be found in screencast 6. The login page
also provides to possibility to look at approved sensor reviews and the sensor ranking
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anonymously, as can be seen in screencast 2. The ability to do this anonymously makes that
this page is publically accessible. This creates an opportunity for Gurus to refer to the
feedback system on their blog or webpage. Their visitors can then take a look at the
aforementioned most important feedback system functionalities without creating an account,
making that this action has low-level entry barrier. Next to the anonymous login page, a socalled ‘widget’ is proposed in Appendix H1 that makes it easy for Gurus to include tables and
graphs in their blogs that were created in the SFS. In table 3, it is indicated where each demo
can be found.
Table 3: Workflow, system functionalities and associated screencast
Workflow

Functionalities demonstrated
(involved roles)

Screencast

As-is situation
Selfcare user

-

1: https://youtu.be/vArpnGfYCCQ

To-be: High-level
SFS

Ranking/ approved reviews
(anonymous)

2: https://youtu.be/QtS8f7ORIKI

To-be: High-level
SFS

Layman review, moderator
comment (layman-moderator)

3: https://youtu.be/aaQM4qhFQSE

To-be SFS
interaction
(general)

Guru application (layman-Guru)

4: https://youtu.be/P8DWzxwW4-0

To-be SFS
interaction
(general)

Guru sensor/ parameter application
(Guru-moderator)

5: https://youtu.be/mDOgcjflyGw

To-be:
Performance test
& creating
review)

Writing a Guru review with data
support (Guru)

6: http://youtu.be/uYnchjvf5m8

To-be: KPI
calculation

Creating/ updating ranking
(moderator)

7: https://youtu.be/MmQDMgbMJZs

To-be situation
Selfcare user

-

8: https://youtu.be/kOSEXjT3rq8
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5 SENSOR TESTING AND
RANKING PROCESS
This chapter will contain the analysis and results of the self-measurements performed. In the
first paragraph, the scores on accuracy & reliability and the way they are calculated are
explained and in the second paragraph these scores will be applied and visualized for the
group of sensors used for self-measurements.

5.1 Determination of sensor key performance indicators
‘A reliable sensor yields the same results on repeated trials’ (Neuendorf, 2002). Exact
repeatability/ reproducibility of trials is not possible in the context of this thesis as body
parameters cannot be mimicked perfectly (participant changes). For this reason, a golden
standard device is involved that is assumed to measure the exact true value: always 100%
accurate, reliable and valid. The difference between the true value, measured by the golden
standard sensor, and the observed value, measured by the non-certified sensor, is
measurement error. A non-certified sensor can prove to be very reliable if it shows the same
measurement error over and over again. Taken the aforementioned assumption into account,
accuracy and reliability for non-certified devices are calculated in the following manners,
where the golden standard is declared as GS and a non-certified sensor as NC:
Accuracy: Average of the difference between a golden standard measurement (true value)
and the accompanying non-certified measurement (observed value) from the same session,
the closer the score to 0, the better.
Accuracy=

∑𝑁
𝑖=1(𝑋𝑛 ,𝑁𝐶−𝑋𝑛 ,𝐺𝑆)
𝑁

One has to note that a situation can exists in which deviations in opposite directions flatten
each other out in this indicator, the sensor then seems highly accurate but this behavior is
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undesirable because measurements strongly deviate from the true value. E.g. in a case where
the true value is 10 but the two values measured are 5 and 15 accuracy will be very high
which is not desired. For this situation, and also for more common situations, a reliability
indicator for the sensor is also taken into account. It is evident that reliability is very low in
the former described situation where the true value is 10 and values of 5 and 15 were
measured. The determination of the indicator reliability is explained in the next paragraph.
Reliability: The type of data initially obtained in this study can be identified as ‘ratio data’, as
the numbers represent units with equal intervals, measured from true zero (Bruton, Conway,
& Holgate, 2000). Taking the difference between a GS measurement and a NC measurement
will transform the data but still being classified as ratio data.
Minimal measurement error (reliability) during the collection of interval-and-ratiotype data is critically important to sports medicine research (Atkinson & Nevill, 1998), this
can be considered the same for this research on health devices. ‘Absolute reliability is the
degree to which repeated measurements vary for individuals, i.e. the less they vary, the
higher the reliability’ (Baumgarter, 1989). Absolute reliability can be indicated by the
‘standard error of measurement (SEM)’ (Atkinson & Nevill, 1998), however, the same paper
also discusses that SEM is not applicable for data related to sports medicine because
homoscedascity is uncommon in ratio variables. Homoscedascity refers to the assumption
that dependent variable(s) exhibit equal levels of variance across the range of predictor
variable(s) (Hair, Black, Babin, & Anderson, 2010). Taking the GS measurement as a
predictor for the dependent NC measurement, there is reason to believe that variance of the
NC measurements is relatively equal for each measurement of the GS measurement resulting
in homoscedascity. Atkinson & Nevill (1998) further state that for SEM it is assumed that
there is a ‘population’ of measurements for each individual, that the population is normally
distributed and that there are no carry-over effects between the repeated tests. As all these
assumptions are controlled for in this research and concluded can be that the SEM is usable
for the purpose of this research. The SEM is generally defined as:
𝑆𝐸𝑀 = 𝜎 √1 − 𝐼𝐶𝐶
Where σ is the sample standard deviation and ICC is the calculated intraclass correlation
coefficient. The smaller the SEM, the greater the reliability (Bruton et al., 2000).
The ICC characterizes the consistency and reproducibility of measurements (Eliasziw, Young,
Woodbury, & Fryday-Field, 1994). For simplicity of the research and for the open
community to use the KPI, we assume that the measurements have a very high amount of
consistency and reproducibility, making also the ICC to be very high (close to 1). This
assumption results in a situation where: SEM=σ where σ will be calculated from the
differences between every paired GS and NC measurement. An estimator σ is calculated as
this research involves samples of the population. The closer the score is to 0, the better.
1

̅̅̅̅̅̅̅̅̅
̅̅̅̅̅̅̅̅ 2
Reliability= √𝑛−1 ∑𝑛𝑖=1((𝑋𝑛 , 𝑁𝐶 − 𝑋𝑛 , 𝐺𝑆) − (𝑋
𝑛 , 𝑁𝐶 − 𝑋𝑛 , 𝐺𝑆))
As advocated by Bruton et al. (2000), no single reliability measurement should be used for
reliability studies. To display the data in a form that shows the difference between the GS
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measurement and NC measurement and assess for reliability in a visual manner, one can use
Bland-Altman plots (Bland & Altman, 1986) that are commonly used for analyzing clinical
data (OʼBrien et al., 2010). This plot quantifies the agreement between two methods of
clinical measurements using the differences between the observations made, using the two
methods on the same subjects. ‘The chosen 95% limits of agreement, estimated by mean
difference ± 1,96 standard deviation of the differences, provide an interval within which 95%
of differences between measurements by the two methods are expected to lie’ (Bland &
Altman, 1999). This type of visualization is also part of the proposed system upgrades
(Appendix H1). In figure 18, an example of a Bland-Altman plot can be found for two weight
scales, 34 measurements were done.

Seca_Omron (n=34)
0,6
95% upper CI

Difference between devices(kg)

0,5
0,4
0,3

Average
Difference

0,2
0,1
0,0
-0,1

95% lower CI

-0,2
Averaged Measurement of 2 devices (kg)

Figure 18: Visualization extension 1: Bland-Altman for weight differences

5.2 Analysis of self-tracking data
In this paragraph, an analysis procedure is proposed for self-tracking data. All steps of the
procedure can be found in Appendix E1. This procedure is currently only executed for the
parameter weight to show its effectiveness, similar procedures can be performed in future
work for other parameters. This procedure can deliver knowledge to the SFS as its statistical
results can be related to the sensor KPI scores, in particular the reliability score. For more
details on this extension, see also Appendix H2.
To initially set-up this procedure and analyze the retrieved data, guiding from Hair et
al. (2010) is used. Noted has to be that especially for the setting of this thesis, outliers or
extreme values can be very interesting and should always be considered (Hair et al., 2010) .
The analysis procedure and calculation of KPI’s is therefore first done in completion with all
the data and then, if desired, the same procedure is followed when removing the outliers/
extreme values, noted with an asterisk*.
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For extra reliability testing (Appendix A), the criterion is maintained that all 6 measurements
taken in a sequence should be within a range of 0,25kg. For the different floor testing, the
criterion is maintained that all 6 measurements should be within 0,5kg of the golden standard
and should be within 0,5kg of each other. Analysis results can be found in table 4.
Table 4: Weight testing results

Normality
plot

Normality
testing (#
approving tests)

Cleaned for
outliers* (#)

Extra
reliability
test

Different
floor test

Omron
HBF206-BT

Good

Yes (2)

No

Passed

Passed

Soehnle
Form

Good

Yes (2)

No

Passed

Passed

Withings
WS-50

Bad

No (0)

No

Passed

Not
passed

Withings
WS-50*

Good

Yes (2)

Yes (2)

-

-

Fitbit Aria

Moderate

Yes (2)

No

Passed

Not
passed

Medisana
BS430
Connect

Bad

No (0)

No

Passed

Not
passed

Medisana
BS430
Connect*

Good

Yes (1)

Yes(6)

-

-

iHealth Lite

Bad

No (0)

No

Passed

Not
passed

iHealth Lite*

Moderate

No (0)

Yes (3)

-

-

Device/ test

*Cleaning for outliers is done after calculating all the scores because for health
measurements, one wants to know what impact they have. 1,5*IQR is used as a cut-off value
(Hair et al., 2010).
Concerning the parameters steps and continuous heart rate, different tools for analysis had to
be added due to the type of data collection. For continuous heart rate, the previous proposed
analysis method cannot be executed due to the fact that the measurements could not be taken
at the same second for every device. For steps, there can be no golden standard defined in the
situation of full-day measurements; there exists no conformity about e.g. the number of steps
one should get for a 3 km cycling activity. Another effective method to still get insight in the
data without a golden standard is the boxplot. Even if a golden standard does exist, this plot is
still interesting as it gives an indication of the distribution of data. This type of visualization
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is also proposed in the future system upgrades (Appendix H1). In figure 19, a boxplot can be
seen for all the devices for collected steps-data (no golden standard). Data was successfully
collected wearing all 7 devices for 22 full days. The original plan was to do this for 31 days
but 9 days had to be removed from the data set due to reasons like e.g. unexpected empty
batteries. Limitations were present as the period of 22 days was relatively short and by using
the method of full-day step counting instead of focusing on particular activities or sessions of
the day, it is difficult to explain afterwards why certain differences between sensors occur.
18000

Total steps taken per day

16000
14000
12000
10000
8000
6000
4000
2000
0
Fitbit
Charge HR

iHealth
Edge

Withings
Pulse

Fitbit Zip
Max Outlier

Jawbone Noom Walk Pedometer
UP Move
(app)
(app)

Figure 19: Visualization extension 2: steps, full day tests over 22 days
As mentioned before, it was not possible to track and extract values on the exact same second
with all devices for the continuous heart rate parameter. This lead to a situation in which no
simple pairwise comparison could be made. Therefore, the measurements are plotted together
in a graph to still get some insights. In figure 20, an extracted graph from the SFS concerning
continuous heart rate measurements can be seen:

Figure 20: Multiple Heart Rate Monitors testing in feedback system
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The above graph has been created in the SFS by mapping data points from a TCX file that
was recorded during an activity. This mapping could only be done with the use of an XML
schema that enables the system to find the data points within the TCX file. As the current
available TCX files and XML schema only allow for recording and mapping heart rate
measurements, an extension is built in both the TCX files and the XML schema to be able to
also add blood pressure readings in the system. By building these extensions, it is proven that
the SFS can take into account data points of any type of parameter. The changes in the
schema can be found in Appendix J. These result in the following graph (figure 21) for
systolic blood pressure.

Figure 21: Multiple Blood Pressure Monitors testing in feedback system

5.3 KPI’s applied and results
In this paragraph, all scores on accuracy and reliability of the devices tested are calculated
and visualized, the outliers and the KPI’s scores are discussed and finally a guideline for
adding weights to different testing scores is given.
Maximum allowed deviations (norms) for medical devices have been retrieved to
compare the accuracy scores of the non-certified sensors with. For blood pressure and weight
these could be retrieved, for heart rate and steps there was no clear standard set regarding
medical devices. For blood pressure devices, the EN1060 norm is: ± 3 mmHg (Teirlinck,
Buuren, Dalhuijsen, & Thien, 1997) and for weight devices, the norm is: ± 1 kg (when the
weight is in a range of 50 kg to 150 kg), as stated by the manual of a Class IIII medical
device (Seca, 2014). Noted has to be that these guidelines should not be maintained very
strictly and it is e.g. advised to follow the guidelines of O’Brien et al. (2010) when assessing
blood pressure measurements instead of disapproving a device when measurements do not all
fall within the norm. This type of visualization is also proposed in the future system upgrades
(Appendix H1). In appendix E2, KPI scores of all four parameters involved can be found. In
figure 22, the accuracy and reliability scores is depicted for the weight sensors tested where
the number of measurements taken was equal to 27 (n=27). This number was reached after 10
values had to be deleted from the originally planned 37 measurements, this was the use of
maximum available resources. The deletion of data was mainly due to the fact that one
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weight scale was not able to save all data properly. The limitation here is that a number of 27
measurements is relatively low to draw conclusions from.

Weight scales performance (n=27)
1,00

Reliability

0,75

Fitbit Aria
iHealth Lite Smart Scale

0,50

Withings WS-50
Omron HBF-206 BT

0,25

Medisana BS430 Connect
Soehnle Form

-1

-0,75

-0,5

-0,25

0
0,25
Accuracy

0,5

0,75

1

Figure 22: Visualization extension 3: Accuracy and reliability scoring
Finally, an automatic calculation of these KPI scores in the prototype system is very well
possible but due to the fact that this would need extensive verification of the data, e.g.
automatic outlier detection, missing values detection and matching the right data points for
different sensor, this is left out of scope for the thesis (appendix H2). It is for now only
indicated how the scores should be calculated.

5.3.1 Uncertainty of self-tracking (N=1)
As self-tracking generally entails a situation wherein the testing population (N) is equal to 1,
uncertainty, ‘a possible value that an error might have’ (Moffat, 1988), arises about the
accuracy and reliability of the measurements (see chapter 4.1). Especially in situations where
physiological parameters are measured, so-called ‘one-of-a-kind measurements’
(NIST/SEMATECH, 2013), uncertainty analysis is problematic.
This paragraph will propose a method to visualize the uncertainty of a case wherein
there is a rather low number of measurements (n) and a very low number of participants (N).
Visualization is proposed in the form of a band/ interval to express the aforementioned
uncertainty. A realistic situation is discussed in which the researcher took 6 valid blood
pressure measurements using the OBPM approach (Wel, Buunk, Weel, Thien, & Bakx,
2011). Therefore, the number of measurements in this situations is equal to 6 and number of
participants is equal to 1 (self-tracking).
A normal distribution is assumed as this turned out to be a reasonable assumption,
proven in the previous chapter. The average of the repeated measurement in the described
scenario is used to get an impression, an estimator, of the standard deviation. This estimator
is necessary to give an indication of the uncertainty.
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𝑛

1
𝑠2 =
∑(𝑥𝑖 − 𝑥̅ )2
𝑛−1
𝑖=1

The n used in this case, is equal to the number of measurements. Next step is to create a
confidence interval for a situation in which the number of participants is equal to one, N=1. A
confidence level of 95% has been chosen for this interval. The critical values are then
obtained using the following formula:
𝑥𝑖 ± 1,96 ∗ 𝑠
Calculating the critical values in the described situation results in the a visualization of
uncertainty. The graph in figure 23 depicts this in which the blue line indicates the actual
value measured and where the yellow area indicates the uncertainty.
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Figure 23: Measurement uncertainty: 1 participant, 6 measurements
It is easy to see the impact of an N=1 situation in figure 23 on the uncertainty of
measurements. One way to decrease the random component of the uncertainty is to take
many measurements and average them (Coleman & Steele, 2009). Another tool to assess the
uncertainty for experimental results is ‘uncertainty analysis’: the analysis of the uncertainties
in experimental measurements and in experimental and simulation results (Coleman & Steele,
2009). This is especially a powerful tool when used in the planning and design of
experiments as it can identify situation with great uncertainty up-front.
A last, effective method to change the uncertainty is multiple-sampling. The
downside of this method is that if samples entail non-comparable situations (almost always
the case when measuring physiological parameters), one also has to take into account
variability between samples, something that is not easy to do. The advantage of multiplesample analysis is that it can reduce the visible effects of random errors (Moffat, 1988), an
error that often influences uncertainty.
The method described in this paragraph can further be improved by taking into
account the sources that can lead to measurement errors more in-depth. The sources of error
have to do with the repeatability, reproducibility, stability and bias of the measurements
performed and can e.g. be accounted for better, using more complex ANOVA models
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(Burdick, Borror, & Montgomery, 2005). For example, it could be taken into account that
errors occur due to changing individual body parameters of the participants (e.g. in the case
of blood pressure, a meal, change of mood or movement) or occur because of variations in
the way in which measurements are taken. Also, the error of the measurement instruments
themselves can be taken into account separately with the proposed, extended models.

5.3.2 Outliers discussion
For all four parameters measured, weight, blood pressure, heart rate and steps, one can see
some outliers or strong deviating measurements from the golden standard during the different
tests performed (appendix A). These outliers need discussion by what they might have caused
and what this means for reliability/ accuracy. This discussion can be found in table 5.
Table 5: Discussion of outliers
Parameter

Deviation

Weight

3/6 scales
showed outliers

1. Picking up and moving the scale

Blood
pressure

All devices
strongly deviated
from golden
standard

1. Too large intervals between measuring
with different monitors
2. Meals, mood or movements could have
influenced measurements

Heart rate,
continuous

2 devices
strongly deviated

1. Distortion by picking up ‘outside light’
for the sensors that work with
photoplethysmographic (Tamura,
Maeda, Sekine, & Yoshida, 2014)

Heart rate,
single
measurement

All devices
showed excellent
results

Steps
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Devices worn on
wrist and phone
applications

Potential cause

-

1. Different algorithms used for counting a
step
2. Less steps counted when testing on a
person less swinging his/ her arm
(devices on wrist)
3. Not a good accelerometer in phone
4. Dependency on internet connection
(Moves app)
5. Varying reaction on activities that do
not (only) include walking (Appendix
E3).

5.3.3 Guideline on adding weights to user testing
As there is a tendency to put stronger credibility in tests done by more experienced/ senior
users of health devices, a number of weights are proposed for the feedback system in table 6.
Table 6: Proposed weight allocation
User role

Internal control ability

Weight factor

Guru (1-3 tests)

Low

1

Guru (>3 tests)

Medium

2

Moderator & administrator

High

2

These weights should be applied for only two KPI’s: reliability and accuracy. For the ease of
use score, all roles have equal weight as scores from beginning users should be regarded
equally important (perhaps even more) than scores from users that already have large natural
understanding of how a certain sensor should work (Gurus, moderators) and do not see any
‘beginner’ user problems anymore. Further, as there can be done grading on approved
reviews, impact on the three KPI’s can be increased by a single review if it has a high
average score and a minimum number of viewers and graders. Both guidelines are not yet
incorporated into the current system but can be found back in Appendix H1 that contains
guidance for future system upgrades.
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6 VALIDATION

In the previous two chapters, a prototype, data analysis and workflows have been developed.
During this process, validation has been taken place in an iterative manner. The validation
steps taken are summarized in the first paragraph of this chapter (iteration 4, 5 and 6). The
last paragraph will discuss the requirements stated at the beginning of this thesis (table 1) and
whether the prototype and corollary matters live up to them.

6.1 System validation
To validate the prototype feedback system constructed, a number of user tests (iteration 4 and
5) have been done as: ‘the only way to be sure that user expectations are properly understood
is through comprehensive user testing’ (Tognazzini, 2003). Iteration 6 is started with a
validation survey directed to Gurus and is ended in chapter 6.3, where the starting
requirements are validated.
To design the user tests for different roles, the guiding literature (Nielsen &
Loranger, 2006; Pressman, 2010) and an example user test demo (Krug, 2010) were used.
The complete user test for a layperson and for a Guru can be found in appendix F1.
In table 7, a summary can be found of all the user tests performed, the findings that
have been done in these tests and the concurrent changes to the system that have been made.
Table 7: User test findings and related changes
User test
with
Layperson (1)
Iteration 4
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Findings



Home page (ranking) does
raise indistinctness
Difficult to say things about
reliability/ accuracy

System changes
1. Less ranking information,
more clarity
2. Make feedback for accuracy/
reliability toggling



Layperson (2)
Iteration 5

Confusion on approved
reviews form
 Missing understanding
about buttons
 User had no idea if his given
rating score was received
well


Guru (1)
Iteration 4

Was not able to find all user
options
 Difficulties working with
the ranking
 Would like to give a more
general score about the
sensor also

1. Change ‘approved reviews
view’ & symbol for data
2. Textual explanations
3. Give a confirmation when
rating is given
4. Rating overview

1. Clustering user options
2. Drop-down ranking
3. Ease of use scoring


Guru (2)
Iteration 4

Guru (3)
Iteration 5

Missing clarity about why
one wants to be a Guru and
what are the
responsibilities
 Would like to export the
data that is put in



Would like to know more
early to what sensors is
compared to in approved
reviews

1. Role update clarification
2. XLS export possibility of input
data

1. Make immediately clear from
approved reviews list which
sensors are involved

To further validate the system with a group of Gurus that have extended experience within
the field of wearable technology and health devices (first part of iteration 6), a demonstration
video and short feedback form have been created (Appendix F2). This is the sixth and final
iteration made in the development process (Appendix B3) and is done to check a number of
requirements stated at the beginning of this research and to get more insights on future
directions for this research. A number of 8 Gurus have been approached that possess
extended and proven experience within the field of wearable technology and health devices.
Some of them were contacted via the recently attended Quantified-Self conference and some
of them known and contacted via other initiatives developed within this thesis. All Gurus
gave personal feedback that the feedback system looked very interesting and gave them new
insights. A 50% response rate has been achieved (4 out of 8 Gurus). In general, these Gurus
highlighted the points in table 8.
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Table 8: Guru validation questionnaire: System requirements
Question

Answer

Agreement

1. Would you consider yourself as an advanced user of
wearable technology (Guru)?

Yes

75% (3/4)

2. Do you think the user interface of this tool
makes navigating easy?

Yes

50% (2/4)

3. Does this tool make it easier for you to
interpret data from different sensors?

Yes

100% (4/4)

4. Would it be easy for you to find a best sensor
for the parameter (e.g. heart rate) you want to
measure?

Yes

50% (2/4)

The next questions in table 9 about the potential use of the feedback system were posed using
a Likert scale (1= Very unlikely and 5= Very likely).
Table 9: Guru validation questionnaire: System scoring
Question

Average score

σ (SD)

1. I would use this tool before buying a new
sensor

3

1,58

2. I would give written reviews in this tool for
sensors I own

3,5

1,12

3. I would test sensors on a regular basis and
upload the data to my tool to share my
findings with other users

2,5

0,87

4. I would be willing become an active member
of such a platform and assist other users in
doing appropriate testing

3,5

1,12

Finally, a question has been asked about the main interest is of the Gurus, if they would be
using this tool. 3 out of 4 Gurus indicated that they were mostly interested in ‘The sensor
ranking on accuracy, reliability and ease of use’ and 1 Guru indicated that he was mostly
interested in ‘Comparing sensors in a graphical manner’. The option ‘Looking at reviews
from other users’ seemed not interesting for them as none of them marked this option.
Last there was an option for the Gurus to make any extra remarks about the use of the tool or
any other recommendations. All Gurus filled this question out with great detail. The
following list summarized these remarks:
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1. Title axes missing and the user should be able to add the name of the sensor instead of
‘series 1-10’.
2. Should be clearer what testing procedure the Guru should follow and if the Guru
adhered to this procedure when performing the test.
3. System is very interesting but targeted at a niche market: testing requires a lot of work
and might be difficult for some users.
4. The tool should be launched on a website or platform where users can leave their
assessment of the tool.
5. Tool needs a larger data set to make an impact and intermediate clicks can be reduced
for uploading of data.
After this feedback, remark 2 could be taken into account in a new version of the system.
Remarks 1, 3, 4 and 5 are treated in the discussion section or in Appendix H1 with future
system upgrades. Combining all the remarks that the Gurus made with the system scoring
questions, one can see that there is a tendency to participate in such a tool but that the Gurus
are still somewhat reluctant: score of 3 out 5 five whether they would use the tool before
buying a new sensor. This score can also be seen in the light that some Gurus request a larger
dataset than there is at the moment. Gurus are quite willing to give written reviews (score 3, 5
out of 5) but are less eager to test sensor on a regular basis (score 2, 5 out of 5). In general,
they are quite enthusiastic to become an active member of such a community (score 3, 5 out
of 5) but they have their thought on whether the system in this state can attract a large
community as some of them remark that it is targeted at a ‘niche’ market and that procedures
might be difficult to adhere to and testing on a regular basis will take a lot of effort. More
discussion with regard to this topic will take place in chapter 7.

6.2 Workflow validation
All workflows have been validated using the 7PMG model (Mendling, Reijers, & van der
Aalst, 2010) which can be found in Appendix G3. Applying the guidelines of the paper
resulted in a better model structure of the workflows and general understanding of the
workflows. Also, some best practices concerning data-centric modeling (Eshuis & Van Gorp,
2015) have been applied to emphasize the transfer of data within the system (Appendix G2).
As Selfcare wants to give preventive healthcare advice, it should be able select the
right sensors for reliable measurements and subsequently advice these to their user group.
Health professionals can be considered as an important stakeholder in that respect as giving
health advice based on measurements is also part of their job. To validate the procedures for
sensor testing and the workflows described, two interviews have been held with doctors from
a diagnostic center for primary care (SHL-group) that are primarily active within the fields of
validating medical devices, ‘telemonitoring’ research and training health professionals to
create awareness about (in)accuracy and meaning of readings taken with health devices. On
the other hand, these doctors are also engaged on how non-certified wearables can improve
our and patients’ lives. The layout and a summary of the semi-structured interviews can be
found in Appendix I. Input is used to make changes to e.g. the final blood pressure procedure
referred to in the workflows and the general discussion in the next chapter that takes into
account information about and the right interpretation of results for laypersons.
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6.3 Requirements validation
This paragraph will go over the requirements stated in table 1, at the start of this thesis. For
each requirement is stated whether it has been fulfilled, partially fulfilled or if it will become
future work. Table 10 summarizes the priorities of all requirements and whether this
requirement has been achieved.
Table 10: Summarizing magnitude of requirements
Partly
achieved

Not
achieved

MoSCoW classification

Requirement number

Achieved

Must have

1

X

“

2

X

“

3

X

Should have

4

X

Could have

5

X

Would have

6

X

“

7

“

8

X

“

9

X

“

10

X

“

11

X

“

12

X

X

1. Possibility for integration of feedback by layman and Guru is included in
Appendix C1, the review template breakdown.
2. Reliability and accuracy scores can be determined by using the formulas in
chapter 5.1. Results for the tested sensors can be found in Appendix E2.
3. Methodology for wearable sensor assessment is described by workflows (4.5)
and a testing procedure is described for input in these workflows (Appendix
A).
4. SFS tool is validated by user tests (chapter 6.1) and the associated workflows
are validated by the 7PMG model (Appendix G3).
5. User information of other platforms like Zendesk is not incorporated into the
system: quality feedback (with good golden standards) was hard to retrieve
and focus is therefore shifted on extending the SFS.
6. The SFS is at the moment (September, 2015) not maintained by an open
community. Investments will be needed to be able to launch the platform in
the cloud and test if a community can be grown that maintains it.
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7. Easy interpretation for users has been achieved by creating a sensor ranking
(chapter 4.5) that can be filtered on sensors/ parameters. Easy visualization has
been created by the possibility to upload TCX files and depict them in a graph
(chapter 5.2). Herewith the current inefficiencies for sensor comparison are
overcome.
8. User specified sensor recommendation is partly achieved by the sensor
ranking functionality (Appendix C2). More filtering possibilities need to be
built for every user to fully fulfill this requirement.
9. Friendly UI is partly achieved. From the user tests in chapter 6.1 it turned out
that users could relatively quickly perform the specific function. This is one of
the metrics for a friendly UI as proposed by Shneiderman & Plaisant (2004).
Next to that, 50% of the questioned Gurus also indicated that the UI made
navigating easy, 100% of them found it easy to interpret data from different
sensors and 50% of them found it easy to find the best sensor for a certain
parameter in the system.
10. A Selfcare sensor manual is not achieved but there is created a guiding table
with reliability and accuracy scores for all tested sensors (Appendix E2).
11. Norms on accuracy for two parameters have been set (chapter 5.3). However,
no strict norms are advised for accuracy of other parameters. On top of this,
advice has been given how to analyze data properly and select the best sensor
(5.1 & 5.2). This requirement is therefore partially met.
12. Literature has been found on the number of steps that can be linked to ‘healthy
living’. Tudor-Locke et al. (2011) describe this in their paper for every age
category.
By validating all the requirements and making small final system changes, iteration 6 is
complete and the system is ready for deployment, thereby reaching the end of active research
performed in this thesis.
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7 DISCUSSION
The main purpose of this research was to enable a community in generating quality feedback
for self-tracking devices and to subsequently enable them with the ability to assess the quality
of these devices. This discussion will reflect on the research performed in this thesis. The
reflection is started with the main conclusions related to the research and in the same
paragraph, the research questions will be answered. After that, recommendations will be
given related to the research and ended is with a paragraph that discusses limitations of the
research and gives implications for future work.

7.1 Conclusion
This research showed which novel information system can support feedback of health sensors
from users in an open-community driven way and assesses sensors on their quality (main
research question). It also proved how such a system can be made and what characteristics it
should have to make it beneficial for community members to use and thereby giving them the
right incentives to perform proper sensor testing on their own (guided by set procedures). By
building an actual prototype of such a system and testing it with a number of stakeholders,
the requirements and functionalities have been refined and a better understanding was created
among targeted end-users.
Sub-question 1 entailed the identification of stakeholders involved or affected by
sensor assessment (see paragraph 1.2). Five stakeholders (Selfcare, Gurus, laypersons, sensor
vendors and health professionals) were recognized that are involved to a greater or to a lesser
extent in health device assessment. Validations with the four most important stakeholders
(Selfcare, Gurus, laypersons and health professionals) have been performed in the previous
chapter to check the fulfillment of the requirements and the extent to which they are involved
and affected by sensor assessment. The last stakeholder, the sensor vendors, can be
approached when a growth of the open community is achieved and be encouraged by the
community to do transparent sensor testing when bring a sensor on the market. Although it is
not yet tested whether there are sufficient incentives present in the SFS to involve all
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stakeholders, functionalities have been build and adapted following the outcomes of the
iterations performed with stakeholders. All stakeholders fulfill their role in figure 24 where
all of them are a potential member of the community and where Selfcare/ moderator fulfills
the role of a supervisor to maintain the high quality of data, and the SFS facilitates the
stakeholders in giving structured feedback.

Community member

Start user session
(create an account/
login if necessary
for purpose)

Lookup information
about tested
sensors (ranking,
approved reviews)

Well-grounded
sensor assessment
of health
device made

Give sensor
feedback (with
optional data
support/
performance testing
Role=> Guru
possibility)

Role=layman

SFS Review
NewEdit

Adapt feedback/
testing

Give sensor
feedback (without
data support)

Selfcare/
moderator

Need/ interest in
health devices

Sensor Feedback
System

High-level Sensor Feedback Process

All roles

Review not of
sufficient quality

Review of
sufficient quality

Approved reviews

Consult user how to
upgrade quality

Determine KPI
scores of sensor and
ranking
Qualitative &
quantitative user
feedback processed

Mark review as
approved

Figure 24: High-Level overview sensor assessment process
Sub-question 2 brings to the light the issue about what feedback should be incorporated in a
SFS to make a health device assessment and how quality feedback can be generated when
working with non-certified health sensors (see paragraph 4.2 and 4.3). Quality feedback can
be generated by users themselves, following strict guidance/ procedures on how testing
should be performed (Appendix A). From the testing procedures, it can also be made clear
that for making an adequate assessment of non-certified sensors, it is crucial that the right
golden standard should be selected. Both the golden standard sensor and the non-certified
sensor need to follow the exact same procedure for data collection and, if possible, also need
to be recorded on the exact same time as body parameters vary. Next to giving guidance for
testing, a feedback system should also facilitate its users in giving structured feedback by
using templates for quantitative and qualitative feedback (Appendix C1). The review
template delivers guidance for a more structured manner of giving feedback and prevents a
situation in which feedback is given by users in an unstructured manner that delivers
difficulties in processing and organizing data. Estrin & Sim (2010) agree with the view of
using standardized templates as ‘standardized interfaces and shared components are critical
for realizing the potential of mobile-device-enabled health care delivery and research’.
Because of this structure, quality feedback of non-certified sensors can be generated and
visualization and interpretation of data is found to be easier. Gurus appreciate the presence of
easily generated tables and graphs very much, as turned out in this research. This view is
confirmed by Ruckenstein (2014) that indicates the importance of visualization and
interpretation of data and states that this is even more important than the technology itself.
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Although the amount of visualization tools in the prototype currently is limited and
interpretation can take some effort (due to restrictions present in the software used for
building the SFS), the importance and impact on stakeholders of visualization tools was
clearly seen throughout the process and the validations performed.
Sub-question 3 dealt with the workflows and processes that can be created to be
able to make possible a continuous assessment for sensors and their parameters (see
paragraph 4.5). All workflows and processes have been constructed in agreement with the
best practices from a number of respected papers regarding the creation of workflows (Eshuis
& Van Gorp, 2015; Mendling et al., 2010). These workflows for sensor assessment are actual
processes in the SFS and by looking at the resulting sensor ranking in this system, it is proven
that sensor assessment can be done through calculation of sensor KPI’s and/ or visualization
of sensor comparison tests. Because sub-processes in the SFS are automatically triggered by
high-level workflows, sensor assessment is made continuously possible and the sensor scores
remain up to date. The described workflows are built from a point of view in which it is
found that a community is necessary to make a well-grounded sensor assessment. This
decision is made because of outcomes from discussions that took place with several Gurus
during this research. This finding is consistent with the view of Estrin (2011, 2012) as it
recognizes the necessity of using communities to form interactive, participatory sensor
networks. According to their paper, communities can be used to transform previously
unmeasured behaviors and practices into personalized, evidence-based, and evidenceproducing care’, a view that is again confirmed by this research.
Because of the proven potential of community data and the use of literature in which
some quality testing already is performed, this research gives an indication that is it probable
that there are already sufficient health devices out there that can provide reliable and accurate
measuring of body parameters (dabl Educational Trust, 2015; Engström, Ottosson, Wohlfart,
Grundström, & Wisén, 2012a; Kingsley, Lewis, & Marson, 2005; Park, Lee, Ku, & Tanaka,
2014; Shaffer et al., 2014; Topouchian, Agnoletti, Ibanez, Blacher, & Asmar, 2011;
Topouchian, Orobinskaya, El Assaad, & Asmar, 2006; Valenti & Westerterp, 2012) . This is
in contrary to a great part of other literature (Buijink et al., 2013; Lupton, 2014; Lupton &
Jutel, 2015; RvZ, 2015) that mainly criticize the use of health devices because their
insufficient quality and safety in general. This research brings total transparency and
knowledge with respect to quality of health devices one step closer, giving (potential) users
the ability to select those devices that are trustworthy in their measurements.
This all leaves sub-question 4 considering the scalability of the workflows for sensor
assessment. This question will be discussed in the next recommendations section of this
chapter.
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7.2 Recommendations
To prove that the SFS helps to make an assessment of health devices, workflows and
screencasts have been generated to show how the generation and assessment of quality
feedback should take place. By using the SFS, the community can be leveraged to make easy
sensor assessment possible and reveal information about sensor accuracy, reliability and ease
of use. The user can then make a substantiated choice about their sensor preference, based on
mutual sensor scoring and/ or looking at the norms set for accuracy.
Finally, the question is answered how workflows that facilitate sensor assessment
can be made scalable in the future (sub-question 4). It is recommended that these workflows
and the SFS are made scalable by captivating a community formed by all 5 recognized
stakeholder groups. It is likely that the most active persons in the community will have a
Guru-like status and like to do testing with the devices. Consequently, when a lot of testing is
performed, the system’s dataset will grow what will result in an increasingly reliable and
accurate sensor ranking and a better sensor assessment. It is therefore recommended to
approach a number of Gurus in the health devices sector that can carry the sensor assessment
process to the next level. To be able to attract these Gurus effectively, the system has to be
extended with e.g. public user/ profile pages where users can be credited for their work (table
11). This will give the Gurus a stronger incentive to participate in the community and in the
collection of quality data. It is important to give Gurus the right incentives as this is the only
user group that can create the sort of quality data addressed in this research, making the
success of the SFS dependent of a niche group of wearable users: the Gurus. In table 11, one
can recognized these right Guru incentives as well as the functionalities that would be
necessary to create them.
Table 11: Guru incentives and required functionalities
Guru incentive/ goal

Required functionality

Gain respect from feedback
system community and personal
network.

Public profile page with user crediting (currency
points) and a resulting status ranking. Depending
on user status, a review has a certain impact on
the sensor KPI scores. Also building APIs for
social networks (e.g. Facebook, Twitter) is
necessary.

Easy access to latest technologies
for analyzing data to gain
immediate value and more
revenues from blog ad clicks.

Widgets with open-source data to easily extract
graphs and tables created in the feedback system.
Gurus can then use these widgets on their own
blogs/ websites.

Minimize user effort.

Read files from directory path to exclude manual
interference for uploading data & automatic
filtering and pairing of uploaded testing data,
resulting in calculation of accuracy and reliability
scores without moderator interference.
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Another approach that can be used in congruence to make sensor assessment scalable more
easily is to make use of (further developed) parallel initiatives concerning personal (health)
data. One of the most promising initiatives that has the potential to truly contribute to digital
health solutions is ‘Open mHealth’ (Open mHealth, 2015). This platform provides a practical
and open documentation to facilitate standardization, storing, integrating, sharing, processing
and visualizing of digital health data. This can deliver great value for a next version of an
open-community based quality feedback platform and make it even easier to make use of
testing data of different devices and distinguish between sensors based on their accuracy and
reliability performance.

7.3 Limitations and future research
This thesis shows a number of limitations that should be taken into account when looking at
the results. On the other hand, these limitations can provide a decent basis for potentially
future research. The first two limitations will consider matters related to the feedback system
and the last two limitations will be related to the initial sensor data collection.
Firstly, the feedback system developed in this thesis has not been tested yet on a
large scale. To validate the feedback system in its fullness, it needs to be launched and a
community has to be seduced to get actively involved. Especially the fact that it is likely that
there currently are no sufficient incentives present for Gurus to participate actively in the SFS
is a major limitation. This means that it is not clear yet whether the data set will grow to
proportions with which well-grounded judgements about sensor quality can be made. It is
advised that the proposed future system upgrades in Appendix H1 are taken into account in a
next version of the SFS to provide the right incentives that will get Gurus interested in
performing tests with different health device.
Secondly, related to the first limitation, the current functionalities of the feedback
system for sensor performance assessment have their limitations: current visualization only
offers the user one type of graph and no fully automatic ranking updating are among a list of
proposed system enhancements (Appendix H1) that have to be overcome if the system wants
to transform from prototype to final product. As an addition to this, one could think
directions in which principles of ‘recommendation systems’ (Resnick & Varian, 1997) are
involved to give user-specific sensor recommendations in the feedback system (Appendix
H2).
Thirdly, a limitation comes to light that has to do with the initial sensor ranking
developed in the feedback system: the majority of testing performed to establish this ranking
is based on a population of N=1. This makes generalization of the scores very limited.
Fourthly, the self-tracking tests performed in this research are only done for four
parameters. Consequently, the recommended procedures to perform self-tracking are also
limited to these four parameters. A significant number of other parameters can be recognized
(appendix D) for which it is still obscure how performance should be tested, which golden
standards should be selected and how accuracy and reliability scores for non-certified devices
behave.
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APPENDIX A: DATA COLLECTION PROCEDURE
This appendix will explain the golden standards selected for executing the measurements, the
method of measuring for all 4 parameters involved (blood pressure, heart rate, steps, weight),
the data transfer, the literary sources used to develop the method and finally the limitations
that occurred when performing the measurements.
First, to be able to select the right golden standards for blood pressure and weight, a
number of physicians were contacted to check to most commonly used equipment (see table
12). Finally, the Seca 761 and the Welch Allyn were selected as the golden standards for
respectively weight and blood pressure. The golden standards for steps (tally counter), and
heart rate (ECG machine) were predetermined.
Table 12: Used weight scales and blood pressure monitors by GPs
Respondent (#)

Weight scale(s)

Respondent 1

Seca 876

Respondent 2*

Omron n.d.
Seca n.d.

Blood Pressure meter(s)
Heine Gamma XXL table-top
Welch Allyn Wall
Welch Allyn (x2)

Seca 761

Welch Allyn table-top

Seca 750

Welch Allyn hand

Respondent 4

Soehnle 7401

Heine Gamma XXL

Respondent 5

Silvercrest x3

Welch Allyn Pressostabil (x3)

Respondent 6

Soehnle 61227

Respondent 7

Seca 761 (x3)

Respondent 3

Respondent 8

Xenical (wholesale)
Galius (wholesale)

Welch Allyn Pressostabil (x2)
Riester Big Ben Round
Gamma Heine (x3)
Riester Big Ben
Welch Allyn Maxi-Stabil 3

Respondent 9

Xenical (wholesale)

Welch Allyn table-top
Heine Gamma hand

Respondent 10

Seca 761

Speidel & Keller Maxi Stabil 3 table-top
Welch Allyn hand

*This respondent could not indicate what type of weight scale exactly was used
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DATA TRANSFER AND FEEDBACK ON SENSORS
All measurements done with sensors equipped with Bluetooth were synchronized and stored
in the producer’s application. Exceptions were made for some devices that measure a
continuous heart rate; the Mio Fuse, the Polar H7, the JABRA Sport Pulse were connected to
3rd party compatible apps (Strava & Endomondo). .
From there, data transfer took place to Selfcare’s online application to produce an
overview per parameter. Exceptions have to be made for the golden standards devices (that
are not equipped with Bluetooth), the Soehnle Form and the Omron HBF206-BT. For the
Soehnle Form, the Omron HBF206-BT and the golden standard devices (used to measure
blood pressure and weight), the data was noted manually in an excel file and at the end of the
testing period they all were put in manually in Selfcare’s application to create a complete
overview. The data from the Strava and Endomondo applications were exported from the
producer’s application in a TCX file. The data from the ECG-machine was tracked with
proprietary software and extracted in a pdf-format.
Next to the quantitative feedback from the measurements there was also be noted
some qualitative feedback during the use of the sensors to incorporate in the feedback system.
This can be feedback about the ease of use, perceived reliability/ accuracy, the test
description or any other problems or positive observations that occurred when testing. This
feedback will be returned to the SFS in the form of reviews given by the moderator.

BLOOD PRESSURE
All devices tested can be found in table 13. Noted has to be that only for this parameter
(blood pressure), most ‘consumer devices’ are also FDA/ EC certified, the Withings, Omron
and iHealth device even according to the European Society of Hypertension standards (dabl
Educational Trust, 2015; Topouchian et al., 2011, 2006). The goal is here to compare these
consumer market oriented devices to a device that is also certified but more commonly used
in a medical setting.
Table 13: Data collection: Blood Pressure devices

Certified devices, scarcely
used in medical setting

Non-certified devices. Not
used in medical setting

Withings Wireless Blood
Pressure Monitor (upper
arm)
iHealth BP7 (wrist)
Omron M10 IT (upper arm)
Medisana BW 300 Connect
(wrist)

Certified device, often
used in medical setting
(golden standard)

Welch Allyn 767, table-top
Scanadu Scout

(values are written in a
notebook and a picture is
taken of every
measurement)
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Procedure
Test
1. Sequential 30 minute ‘Office Blood Pressure Monitoring’ (Wel et al., 2011) tests are
performed for every sensor, started with the golden standard..
2. One healthy adult will serve as a test person.
Standards
The instruction booklet of all the four devices will be followed meticulously. In general one
needs to keep an eye on the following (Skerrett, 2008; Stryker, Wilson, & Wilson, 2004):







The participant must sit on a chair.
No eating or drinking 30 minutes prior (except water).
Keep arm rested and keep it supported at about heart level.
Not use any clothing between the cuff and skin.
No talking during the test.
All tests are done wearing the device on the left arm.

HEART RATE
Also a number of heart rate devices have been tested on their accuracy and reliability (note
that all devices are non-certified, although the Polar device has claims on it to have (nearly)
the same accuracy as an ECG-machine (Engström, Ottosson, Wohlfart, Grundström, &
Wisén, 2012b; Kingsley et al., 2005; Valenti & Westerterp, 2012). The accuracy of
photoplethysmographic techniques, used for example in the Mio Fuse and the Fitbit Charge
HR, is strongly questioned due to motion artifacts (Tamura et al., 2014) . All devices tested
on heart rate can be found in table 14.
Table 14: Data collection: Heart Rate devices

Non- certified devices,
continuous measurement

Non-certified devices,
single measurement

Fitbit Charge HR*

Withings WS-50

Mio Fuse**

Intant Heart Rate (app)

Polar H7 strap***
(compliant with Directives
93/42/EEC)

Withings Pulse

JABRA Sport Pulse

Scanadu Scout

* Fitbit Charge HR is worn 2-3 finger widths up the writs
** Mio Fuse is worn 3-8 cm above the writs bone
*** Polar H7 strap is wetted very well to avoid an initial peak
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Certified device,
continuous measurement
(golden standard)

ECG machine, 12-lead (only
4 leads used to be able to
track heart rate)

Procedure
Two different tests with their own procedure are done to check the devices:
Test 1 (single heart rate measurements)
Approximately 10 measurements with the non-certified, single measurement devices will be
done and compared to monitor readings of the ECG machine.
Test 2 (exercise testing continuous heart rate)
An exercise test, wearing the five continuous heart rate monitors is done with one test person.
This test person will perform an indoor cycling test for the duration of approximately one
hour.
Standards


The guidance of the instruction booklet is used to look whether some additional
actions are necessary to make the sensor perform optimally, e.g. moisturizing the
sensor slightly.

STEPS
All devices tested on their step count can be found in table 15.
Table 15: Data collection: Pedometers
Non-certified devices

Device is worn on

Fitbit Charge HR

Wrist

Withings Pulse

Wrist

Fitbit Zip

Waistband

iHealth Edge

Wrist (1)/ Waistband
(2)**

Jawbone UP Move

Wrist (1)/ Waistband
(2)**

Noom Walk Pedometer
(app*)

Trouser pocket

Moves (app*)

Trouser pocket

Pedometer (app*)

Trouser pocket

Accupedo (app*)

Trouser pocket

Golden standard

Manual counting (tally
counter)

*The phone used is a Motorola Moto G, equipped with an accelerometer and compass.
**Both manufacturers state that it makes no difference if these sensors are worn on the wrist
or waistband. This view was confirmed by (Park et al., 2014) that reported that modern
pedometers are accurate, irrespective of their placement on the body. Therefore, the
alternating positions of the pedometers had no impact in the results.
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Procedure
For measuring steps, the method used in the research of (Case MA, Burwick HA, Volpp KG,
& Patel MS, 2015) is used as a basis as a part of this research executes a comparable testsetup. A number of tests were added to their method to make a better assessment possible.
Three separate tests were executed: a test that assesses the sensors with a 500-step trial and a
1500-step trial (1), a test that compares the sensors for the total amount of steps on a day
counted (2) and a test that checks exactly what impact other activities than walking have on
the step count for different devices (3).
Test 1 (500 and 1500 step trial)
1. 4 healthy adults in the age of 20-60 two times run a 500-step trial and a 1500-step trial
(Case MA et al., 2015).
2. A treadmill (TrimMaster 370HR) will be used.
3. The treadmill will be put on a speed of 5 km/h.
4. Loose pants are worn and the phone is put into the trousers pocket.
5. All sensors are worn simultaneously.
6. Step counting by observer using a tally counter.
Test 2 (total day step count)
All sensors were worn for a period of 1 month (n=22) to check the deviation in total amount
of steps between the sensors. One week the iHealth Edge and Jawbone UP Move were worn
around the wrist and the other week on the waistband. The sensors were be put on and put off
at the exact same moments every day (when getting up and going to bed).
Test 3 (‘unwanted’ steps)
As for counting steps, manufacturers (Fitbit, Withings, iHealth, Jawbone) admit that some
other activities (can) ‘disturb’ the exact counting of steps taken and that there also exist
differences between wristband trackers and clip-based trackers. This additional test looked if
there was variation in the degree of disturbance between the devices and the apps when doing
other activities. Possibly this explained some deviation in the total number of steps counted
on a day. No calibration or change in settings had taken place for any devices before doing
these tests, representing the usage of a layperson. The following activities were undertaken
for x minutes to check whether the number of steps has changed (by noting the start and end
number of steps on the sensor):
1. Cycling
2. Applaud
3. Working from behind a computer
4. Doing the dishes
5. ‘Playing drums’
6. Mowing the lawn
7. Waving arms on place
8. Driving a car
9. Running exercise
10. Fitness exercise
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Standards for all three tests





All sensors are worn on non-dominant hand as prescribed by manufacturers.
The mobile phone is put into the trousers’ pocket, normal use for a man.
No calibration or change in settings will take place for any devices before doing these
tests, representing the expected usage of a layperson with the device in ‘arrival state’.
All sensors are worn simultaneously in the tests.

WEIGHT
All devices tested on the ‘weight’ parameter can be found in table 16. Only the Fitbit Aria has
already been tested and validated for reliability and accuracy in a scientific study (Shaffer et
al., 2014). None of the devices has EC/FDA certification:
Table 16: Data collection: Weight scales

Non-certified devices

Certified device (golden
standard)

Fitbit Aria
iHealth Lite Smart Scale
Withings WS-50 smart body
analyzer
Omron HBF-206 BT*

Seca 761, analog (noting with
0,1kg accuracy, values are
written in a notebook)*

Medisana BS430 Connect
Soehnle Form, analog*
* For analog devices/ devices not equipped with Bluetooth, a picture was taken of every
measurement and values were written in a notebook.
Procedure
Test 1 (long-term weighing)
1. Two measurements took place every day, an early morning (before breakfast) and an
evening measurement.
2. One healthy adult will serve as test person.
3. All measurements will be done within a one month time-span (June, 2015).
Test 2 (extra reliability check)
A separate test is done for extra understanding in the reliability score. In this test, there are
done six weigh-in session sequentially on all six non-certified devices and the golden
standard device to check whether it shows the same weight consistently.
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Test 3 (different floor checking)
Another test is done to check whether the scales behave differently when used on different
floor. In this test there will be done six alternating weigh-ins on all five non-certified devices
and the golden standard device: first a measurement is done on a tiled floor, then the scale is
moved to a laminate (vibrating) floor for a measurement, then back to the tiled floor etcetera,
until a number of six measurements in total is obtained.
Standards




Scale is consistently put on the same flat, hard surface as some scales might show
deviation when used on a carpet (Sample, 2002).
No extra calibration of the scale will take place, it is used as received.
Weighing in is done barefoot with normal clothing on. Clothing is not changed during
a session.

TESTING LIMITATIONS
During the data collection period, a number of limitations occurred that needed a change
from the original plan:
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The originally proposed phantom device to resemble a continuous heart rate could not
be used as a golden standard to due to compatibility with the health devices selected.
iHealth showed no working direct export possibilities what made that the values had
to be typed over by hand.
The procedure for blood pressure has been made stricter after consideration with the
SHL-group (diagnostic center, support for primary care). This includes following the
OBPM (office blood pressure measurement) approach of Wel et al. (2011), including
standards of O’Brien et al. (2010) and performing the tests at the site of the SHLgroup instead of doing self-measurements at home. Due to shortness of participants
however (N=1), results for blood pressure measurements can only be seen as
indicative, not as leading. Full verification can be done by following the complete
procedure proposed by O’Brien et al. (2010).
The Accupedo app stopped counting on several moments (stayed on 0 the whole day)
and eventually did not start-up anymore. Therefore it is decided to leave the app out
of consideration for the KPI results.
The well-known ‘Moves’ app is not taken into account for steps testing results as it
separates activities: steps (1), cycling (2), transport (3). Taking them into account
directly for steps analysis would cause diffusion as the number of steps measured for
every day is significant lower than with other devices.

APPENDIX B: SYSTEM ARTIFACTS
Appendix B1: Detailed Use Case diagram for feedback
Use Case: User feedback
Log in

Put in feedback for sensor
(with/ without data
subset)
Guru/
layperson
Sensor feedback
<<system>>

Check rough validity of
feedback and approve/
give consultation

Moderator
Community
Add (high) weight
to feedback/
review

Contribute to
sensor usability
score

Figure 25: Use case diagram for feedback
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Appendix B2: Feedback system class diagram

Figure 26: Domain model feedback system
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Appendix B3: Realized iterative development process
Table 17: Detailed iterations within development

Realized iterative development
Modules/ project week

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

Phase

Iterations

Updating of requirements

Inception

1

Design and build working prototype

Elaboration

1

Implementation of updated requirements

Elaboration

1

First series of user tests and model improvement

Construction

1

Second series of user tests, first release prototype

Construction

1

Validation survey & deployment of final prototype

Transition

1
6
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APPENDIX C: FEEDBACK SYSTEM SNAPSHOTS
Appendix C1: Review template breakdown

1

2

3

Figure 27: Breakdown Review 'NewEdit' Form
70

1. Quantitative feedback (all user accounts)
The user has to give some written feedback about ease of use and can say something
about perceived accuracy and reliability (toggle button). The words
‘Negative’ of ‘Positive’ feedback were not used as this can give an inclination to
‘digging’ for negative/ positive experiences with the sensor and overemphasizing
these. The use of ‘general feedback boxes’ is therefore advocated (IJsselsteijn, 2015).
On top of that, reading negative feedback often has a larger impact on readers than
positive feedback (IJsselsteijn, 2015).
2. Qualitative feedback (only Guru)
User can manually input data or upload data to create a comparison chart with a
description of how testing was done. This part of the form is activated by the toggle
button.
3. Feedback on review (only when approved)
User can check the uploaded series of data, rate the review and can add comments to
the review. Additions (when approved) are depicted in figure 28.

Figure 28: Rating and commenting options community member
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Appendix C2: Ranking breakdown

Figure 29: Feedback system full ranking

Figure 30: Feedback system filtered ranking
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APPENDIX D: SENSORS/ PARAMETERS TAKEN INTO ACCOUNT
Table 18: Sensors in feedback system
Accupedo (application)

iHealth Body Scale

Misfit Shine

Basis B1

iHealth BP7

Moov

Basis Peak

iHealth Edge

Moves (app)

Bodymedia CORE

iHealth Lite

Noom Walk (app)

Bodymedia LINK

Instant Heart Rate (app)

Omron HBF-206 BT

Epson PULSENSE PS-100

Jabra Sport Pulse

Omron M10 IT

Epson PULSENSE PS-500

Jawbone UP Move

Polar A300

Fitbit Aria

Jawbone UP24

Polar H7

Fitbit Charge

Jawbone UP3

Polar Loop

Fitbit Charge HR

Leapfrog Leapband

Polar M400

Fitbit Flex

Lifetrak Core C200

Runtastic Orbit

Fitbit Force

Lifetrak Core C210

Scanadu Scout

Fitbit One

Lifetrak Zone C410

Soleus Go Fitness

Fitbit Surge

Magellan Echo

Sony Smartband

Fitbit Zip

Magellan Echo Fit

Timex (Ironman) Move
x20

Fitbug ORB

Magellan HR Monitor

VTech Kidizoom

Garmin Heart Rate Monitor
(strap)

Medisana BS 430
Connect

Wellograph

Garmin Vivoactive

Medisana BW 300
Connect

Withings Activité

Garmin Vivofit

Medisana Vifit

Withings BP Monitor
(upperarm)

Garmin Vivofit2

Microsoft Band

Withings Pulse Ox

Garmin Vivosmart

Mio Fuse

Withings WS-30

Huawei Talkband B1

Mio Link

iBitz Unity

Misfit Flash

Withings WS-50
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Table 19: Parameters in feedback system
Blood Oxygen
Blood Pressure
BMI
Calories Burned
Fat Mass and or %
Glucose
Heart Rate, Continuous
Heart Rate, Single
Measurement
Muscle Mass
Skin Perspiration
Skin Temperature
Sleep Metrics
Stairs Climbed
Steps
Weight
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APPENDIX E: ADDITIONAL SENSOR ANALYSIS
Appendix E1: Full self-tracking analysis procedure
1.
2.
3.
4.
5.
6.

Normality plot (continue with outliers)
One sample t-test to check if there’s significant difference
Bland-Altman plot
Boxplot to see the minimum and maximum values recorded
Calculate the three new KPI scores
Cleaning data for outliers (take 1,5*IQR as the cut-off value, (Hair et al., 2010)) &
missing data, transform data if necessary and repeat 1-4 for data behavior insights.

Appendix E2: KPI scores all sensors
Table 20: KPI scores all devices, extreme values included and excluded

Main parameter

Accuracy
Score
(excl.)

Reliability
score (excl.)

Extreme
values
corrected

Withings Blood Pressure
Monitor (n=6)

Blood Pressure

-4,0000

3,6460

No

iHealth BP7 (n=6)

Blood Pressure

-8,0833

4,8635

No

Omron M10 IT (n=6)

Blood Pressure

-7,5833

2,1985

No

Medisana BW 300 Connect
(n=6)

Blood Pressure

-15,3333

2,6394

No

Scanadu Scout (n=6)

Blood Pressure

-17,8333

2,0199

No

Withings Pulse Ox (n=7)

Heart Rate, single
measurement

2,0000

4,8648

No

Withings WS-50 (n=7)

Heart Rate, single
measurement

-1,2857

3,4017

No

Instant Heart Rate app
(n=7)

Heart Rate, single
measurement

1,3333

1,8619

No

Scanadu Scout (n=7)

Heart Rate, single
measurement

-0,4286
(1,3333)

4,8255
(1,3663)

Yes

Fitbit Charge HR (n=8)

Steps

-66 (4)

139 (10)

Yes

Withings Pulse (n=8)

Steps

-3

5

No

Fitbit Zip (n=8)

Steps

1

4

No

iHealth Edge (n=8)

Steps

-5

6

No

Device (number of
measurements, N)
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Steps

-11

10

No

Noom Walk, app (n=8)

Steps

-365

181

No

Pedometer, app (n=8)

Steps

2

7

No

Moves, app (n=8)

Steps

-95

205

No

Fitbit Aria (n=37)

Weight

0,1838

0,1908

No

iHealth Lite Smart Scale
(n=29)

Weight

0,0448
(0,2654)

0,7346
(0,3322)

Yes

Withings WS-50 (n=33)

Weight

0,1039
(0,1277)

0,2641
(0,1430)

Yes

Omron HBF-206 BT (n=37)

Weight

0,2000

0,1434

No

Medisana BS430 Connect
(n=34)

Weight

-0,2118
(-0,0679)

0,8828
(0,1442)

Yes

Soehnle Form (n=37)

Weight

-0,1568

0,2167

No

Reliability (measuremnent error)

Jawbone UP Move (n=8)

-12

Pedometers performance*
12
10
8

iHealth Edge

6

Withings Pulse

4

Fitbit Zip
Jawbone UP Move

2
-10
-8
-6
-4
-2
0
2
Accuracy (average steps difference from golden standard)

Pedometer
4

Figure 31: Pedometers, accuracy and reliability
*(Fitbit Charge HR, Noom Walk & Accupedo excluded due to poor, outlying
performance, to be seen in table 20)
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Reliability (measurement error)

HR, single measurement performance
6,00
5,00
4,00
Withings WS-50 Scale

3,00

Instant Heart Rate App

2,00

Scanadu Scout

1,00

Withings Pulse

-2,00
-1,00
0,00
1,00
2,00
3,00
Accuracy (average BPM difference from golden standard)

Figure 32: Single Heart Rate devices, accuracy and reliability

Reliability (measurement error)

Blood Pressure devices performance
6,00
5,00
4,00
3,00
2,00
1,00

Withings
Scanadu Scout
iHealth BP7
Medisana BW 300
Omron M10IT

-20,00
-15,00
-10,00
-5,00
0,00
Accuracy (average mmHg difference from golden standard)

Figure 33: Blood Pressure devices, accuracy and reliability
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Appendix E3: Visualization (significant) extra step tests

Figure 34: Extra testing: Scatterplots for different step counting tests
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APPENDIX F: SYSTEM VALIDATION
Appendix F1: User tests for layman and Guru
Explanation why testing is performed and instructions:






Try the application and check whether is it working as intended: Can the user
effectively use my system? Does it guide/ support the actions of the user (1), does it
give useful feedback (2) and does it create the right interaction (3)?
Think out loud, what you’re looking at, what you’re trying to do, what you are
thinking.
If you have any questions, just ask. Although my interest is in how people interact
with the system if there is not somebody next to them giving instructions.
With permission I will record what is happening on the screen and sound. This
recording will not be made public but will only be used by myself for personal
analytics and improvements of my application.

Goal of the system: To generate and collect quality feedback to make assessment of noncertified health devices/ wearable possible.

Guru-test
The test should take about 25 min. Started is on the google web page.
1. Look at start page and tell me what you see. What will the buttons initiate?
2. Try to find a review done about the Scanadu Scout.
3. Create an account.
4. Add a new review of a sensor possessed.
5. File a request to be a Guru.
6. (admin interference, Guru & review approval)
7. Are there any striking changes to the view?
8. Adapt the old review and add some data to it.
9. File a request for a new sensor to be included.
10. (admin interference)
11. Try to find back your review done.
12. You are interested in buying a new weight scale. Where would you look if you had
interest in buying a new sensor for to be used for weight tracking? Which one would
you think is the best?
13. Log out
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Layperson-test
The test should take about 15 min. Started is on the google web page.
1.
2.
3.
4.
5.
6.
7.
8.
9.

Look at start page and tell me what you see. What will the buttons initiate?
Try to find a review done about the Scanadu Scout.
Create an account.
Add a new review of a sensor possessed.
(admin interference, review is not found to be okay)
Adapt the old review.
(admin interference, approve review)
Try to find back your review done.
You are interested in buying a new weight scale. Where would you look if you had
interest in buying a new sensor for to be used for weight tracking? Which one would
you think is the best?
10. Log out

Appendix F2: Demonstration feedback Gurus

Figure 35: Part 1 feedback form Guru validation
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Figure 36: Part 2 feedback form Guru validation
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APPENDIX G: ADDITIONAL WORKFLOWS AND VALIDATION
Appendix G1: Sub-processes To-be situation
Creating review process

Time used>=3
weeks

Device has
been in use
for sufficient time
to write a review

SFS
Review
NewEdit

Fill out findings
about sensor and
specific parameter
in qualitative
manner

Guru & willing
to put in
quantitative
feedback

SFS
Review
NewEdit
SFS
Review
NewEdit

No guru role
or not willing
to give
quantitative
feedback

Keep review simple,
no data
Review
finished

All reviews

Guru already
performed
appropiate
testing

Start review

Member of
community
wants to give
feedback on a sensor
possessed

Add graphical
analytics
(quantitative)

No testing or no
appropiate testing
performed

Sensor performance
test

Figure 37: Sub-Process 1: User wants to give a review in feedback system
User does a sensor performance test and adds this to a review

Testing guidelines
All reviews
SFS Recommended golden
standard devices

Choose parameter

Select GS device to
involve

Testing procedure

Choose noncertified device(s) to
involve

User wants to
do sensor
performance
testing

SFS Review
NewEdit

SFS Review
NewEdit

Follow selected
parameter
procedure to do
testing and analyze
data

Add testing data to
review

SFS Review
NewEdit

SFS parameters
and sensors
incorporated

Figure 38: Sub-Process 2: User does sensor performance testing
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Test finished

Selfcare formally checks quality of sensor

Sensor found
to be of
sufficient quality

Add sensor and
make KPI data
available to clients

KPI’s known Selfcare assessment
for sensor
of KPI scores
A sensor quality
check is
asked for by
Selfcare

Selected sensors
for use

KPI’s not known
for current sensor

Quality
check done

Sensor not of
sufficient quality

Pass
criteria

Disapprove sensor,
do not add sensor

KPI’s:
Accuracy
score &
reliability
score

Sensor
testing
procedure

Testing guidelines
(Appendix A)

Perform sensor
performance test(s)

KPI calculation

Figure 39: Sub-Process 3: Selfcare performs sensor quality check
KPI scores of sensors are updated by moderator

Approved reviews
(with data
included)
All reviews
concerning sensor

Involve scores of
earlier testing done
with same sensor
New test
performed

Add/ change
weights to tests
depending on user
role

All reviews
concerning
sensor
Determine new
reliability, accuracy
and ease of use
score for sensor

Determine new
sensor ranking

Updating finished

Testing procedure

Sensor KPI scoring

Guideline on adding
weights based on
role & experience

Sensor ranking

Figure 40: Sub-Process 4: Selfcare calculates new KPI scores
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Appendix G2: Data objects referred to in workflows
Table 21: Name, type and location data objects
Name data object

Type

Location

Selected sensors/ parameters
for use (Selfcare)

-

-

SFS review NewEdit

Template form

Feedback system & appendix
C1

Input data reporting (only
initial input at the moment)

Table

Appendix E2

SFS recommended golden
standard devices

Hyperlinks

Feedback system. See
Appendix C1, box 2

(Sensor) Testing procedure

Word-file

Appendix A

Quality sensor information

Table

Feedback system ranking
(Appendix C2)

Pass criteria (Selfcare)

-

-

Guideline on adding weights

Table

Chapter 5.3.2.

Appendix G3: 7PMG for workflow validation
Table 22: 7PMG applied (Mendling et al., 2010)
Syntactical control measure

Applied

1. Use as few elements in the model as possible

√

2. Minimize the routing paths per element

√

3. Use one start and one end event

√*

4. Model as structured as possible

√

5. Avoid OR routing elements

√

6. Use verb-object activity labels

√

7. Decompose a model with more than 50 elements

√

*Note that for boundary case-events and workflows resulting in a fail/ success end event,
control measure 3 is ignored.
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APPENDIX H: FUTURE DESIRED SYSTEM ENHANCEMENTS
Appendix H1: Future system Upgrades
Table 23: Proposed future system upgrades
Upgrade

Required

Transparent link between the average
rating of a review and the impact a certain
review has on the overall KPI’s of the
involved sensor(s).

Further implementation of weight
additions to specific reviews.

Automatic calculation of accuracy and
reliability without manual moderator
interference.

Filtering of data for outliers (1), missing
values (2) and correct pairing (3) of
measurements from different devices.

Comparison options within graphs to
highlight measured sensor differences and
enabling the user to name chart axes,
sensors & units of measurement.

Different chart-building software with
ability to create specific features.

Visualization extension 1, 2 and 3
(boxplots, Bland-Altman plots, accuracy/
reliability plots) and user-enabled choice
of types graphs to display.

Different chart-building software with
ability to create specific features.

Ability to pinpoint and explain for
individual values and outliers within the
graph tool.

Different chart-building software with
ability to create specific features.

Read files from directory path (user does
not need to upload files manually)

Consistent naming of the output files and
written java-actions.

Downloadable excel-template and make
easy uploading from this template possible

Excel-template for testing and possibility
to upload this in the feedback system.

Public user page where member of the
community can be credited for their work

Building of more extensive user profiles, a
user overview page and functionalities to
credit other users.

Easy extraction of tables and graphs
created in the SFS on blogs or websites
(Appendix H3)

Widget with open source code
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Appendix H2: Sensor ranking extensions
For reasons of clarity and comprehensibility, the determination of KPI scores for the sensor
ranking is kept simple in this thesis. However, three more complex extensions can be
proposed that will give the accuracy, reliability and ease of use score even more sense:
1. Information filtering application for user-specific, quality feedback
A recommender system is a subclass of an information filtering application that makes it
possible to aggregate recommendations and direct these to the appropriate users (Resnick &
Varian, 1997). These kinds of systems would make it possible to distinguish users based on
the purpose they have for the devices and recommend certain sensors. KPI scores and norms
can be made dependent on the user profile. E.g. there is a difference between users that have
to measure their blood pressure on a very regular basis because of health issues (patients) and
users that occasionally measure their blood pressure to get an indication (interested users).
2. Include test scores in KPIs when no direct golden standard comparison can be made
In this thesis, a number of self-tracking tests have been performed for which no direct
comparison to a golden standard could be made, e.g. the all-day step tracking, weight scale
testing on different floors and the ‘unwanted’ steps. Simple methods can be developed of that
take into account the fluctuation within measurements sessions of non-certified devices
resulting in a score that can influence the current KPI scores calculated from paired golden
standard & non-certified measurements. Transparency should be maintained when
developing these methods so SFS users maintain understandability of KPI scores
determination.
3. Involvement of ICC score for reliability
In this thesis, the definition of reliability has been abstracted to be equal to the standard
deviation of the difference between paired golden standard measurements and non-certified
measurements. If one would like to take into account consistency and reproducibility of the
testing done, the ICC is likely not equal to one. The quality of the reliability KPI can be
improved by selecting the right ICC calculation for this type of testing and involve it in future
reliability scores.
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Appendix H3: Guru sensor data comparison example

Figure 41: Example of Guru issues for comparing sensors (Maker, 2015)

Figure 42: Example of overlaying graph widget from feedback
system, adapted from Maker (2015)
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APPENDIX I: SEMI-STRUCTURED HEALTH PROFESSIONALS
Interviewer: Mark Peeters
Interviewee 1: Dirk Thijssen (staff member SHL-group & physician)
Interviewee 2: Maya Schaerlaeckens (physician functional assessments)
1. Introduction, reason of the interview.
2. Background-info of work within SHL-group: What can you see as your most
important type of work and matters you are involved in the SHL-group as a
physician?
3. Discuss proposed procedures for testing self-trackers (appendix A):
a. Blood pressure
b. Heart rate
c. Steps
d. Weight
4. General questions concerning the impact of ‘health devices’:
a. What benefits and risks will a situation in which it becomes more normal for
patients/ people to buy consumer devices that measure body parameters and
use them at home, entail according to you? In specific the Alivecor device for
taking ECG’s, benefits and risks?
b. Would you, as a doctor, trust readings from these consumer devices and if yes,
would you use, and which, any validation instruments for the product used?
(e.g. a website to verify blood pressure monitors)
c. What things would you strongly recommend to people starting to use the selfmeasurement devices?
What would you for example say if a patient comes to the office with
measurements done by an iHealth device? Has this happened yet, other
examples?
d. What impact can an increase of the usage of ‘health devices’ at home have for
the SHL-group as a ‘support center for primary care and how do you think the
SHL-group can anticipate/ respond to this?
Table 24: Findings validation interviews
Question
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Summarized answer

2

Checking quality and content of research performed within the
SHL-group and validation of devices used.

2

Focus on ‘point of care testing’ (laboratorial research that can be
performed at a patients home or in GPs office) for which the SHLgroup provides training & research programs to GPs, medical
assistants and. practice nurses (praktijkondersteuners) about

how to perform these tests, when to perform these tests (what
symptoms) and possible treatments resulting from the tests.

2

The SHL-group submits scientific papers now and then about the
results and outcomes of their new innovative ideas for primary
care applied in practice; e.g. does it help to intervene when
certain parameters are measured for heart failure patients in a
monitoring program?

3

Do not only trust on CE-marking but perform a rigid testing
procedure. For example recently it turned out that a lot of
glucose meters for self-measuring were very inaccurate, even the
ones with certification.

4a

Risks: Very important that the persons who do this homemonitoring know how to interpret the results in the right way.
Home-monitoring cannot be used as prevention for a disease and
we should maintain the differentiation between Healthcare and
Quantified-Self.
Benefits: e.g. a step counter can stimulate to adapt your lifestyle
in the right manner.

4b

There might be usable results from self-tracking for healthcare
and e.g. measuring at home for the parameters blood pressure
and glucose is generally stimulated by GPs. Yearly testing for
mercury blood pressure meters should be done but for automatic
blood pressure monitors this is not strictly necessary as it is not
very likely that these meters changes over the years

4c

Strongly question blood pressure measurement because there
are many variables that have influence (e.g. wrong cuff size, tiny
leak, thoughts of participant etc.). For blood pressure the real
‘golden standard’ should be a measurement inside the artery
with a needle. It is common that a GP recommends certain blood
pressure devices or glucose meters to patients and health
insurers stimulate the regular checking of blood pressure.

4d

Skepticism exists with respect to monitoring in secondary care:
which parameters should you track and which trends should you
look at to find out if there is any potential danger to health? It
appears that monitoring is not always beneficial and that it can
be more beneficial for someone’s care to just have a chat with
that person instead of monitoring and tracking extensively. Every
person is different and it is not evidently easy to draw uniformly
applicable conclusions based on collected monitoring data. Also,
one should not apply the limit values for an ‘unhealthy’
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population for a ‘healthy’ population which most self-trackers
are.
Bottomline

Know how to interpret measured values and know that every
value measured only tells something about the range of where
the parameter is in (E.g. measuring a systolic blood pressure of
130, the real value could very well be 125 or 135).

INTERVIEWS SUMMARY & RELATION TO LITERATURE
There can be discussion about what level or norm should be acceptable regarding reliability/
accuracy but with insights gained in this research, there can be build towards determining a
norm for health devices and making their performances more transparent. On the other hand,
related to sensor accuracy, noted has to be that the standard limit values that initiate treatment
are subject to societal changes and one should very well understand how these standards are
established. Summarizing, the interplay between set accuracy norms, reliability and limit
values for treatment have to be considered.
Moving this matter to the environment of care givers where imposed ‘medical limit
values’ generally determine whether care should be offered or not, one can discuss whether
these are also subject to contemporary societal changes. Namely, as with the growing
acceptation of home-use of health devices, the composition of the population that obtains data
about e.g. their blood pressure and weight will change; more people that are not classified as
‘patients’ but as ‘healthy persons’ will perform these measurements and are eager to draw
conclusions from them taking limit values set for a database population that consists of
persons that were already recognized as a ‘patient’ or had strong associated symptoms
(Interviews, Appendix I). Recommended is therefore that there should not be only one strict
criterion to assess health devices but that data should be looked at from a broader spectrum
with multiple options for assessment. Outlier assessment and Bland-Altman plots are
powerful additional tools to confirm or debunk reliability of a device. This view is confirmed
by Bruton et al. (2000) who argues that ‘Reliability is generally population specific’, making
that reliability differs among populations and individual caution is justified. If no caution is
maintained when advice is given based on self-tracking measurements, disquiet can be
stimulated among users of health devices and one might seek medical attention when the urge
is not really present.
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APPENDIX J: TCX EXTENSION FORMAT FOR NEW PARAMETERS
<?xml version="1.0"?>
<xsd:schema xmlns="http://www.garmin.com/xmlschemas/TrainingCenterDatabase/v2"
xmlns:xsd="http://www.w3.org/2001/XMLSchema"
targetNamespace="http://www.garmin.com/xmlschemas/TrainingCenterDatabase/v2
" xmlns:tc2="http://www.garmin.com/xmlschemas/TrainingCenterDatabase/v2"
elementFormDefault="qualified">
<xsd:annotation>
<xsd:documentation>This schema defines the Garmin Training Center file
format.</xsd:documentation>
---------------------------------------------------------------------------------------------------------This defines where the xsd schema can be found that used for reading the TCX files
---------------------------------------------------------------------------------------------------------</xsd:restriction>
</xsd:simpleType>
<xsd:complexType name="Extensions_t">
<xsd:sequence>
<xsd:any namespace="##other" processContents="lax"
minOccurs="0" maxOccurs="unbounded">
<xsd:annotation>
<xsd:documentation>You can extend Training Center
by adding your own elements from another schema here.</xsd:documentation>
</xsd:annotation>
</xsd:any>
</xsd:sequence>
</xsd:complexType>
</xsd:schema>
---------------------------------------------------------------------------------------------------------Xsd schema: no extension present
---------------------------------------------------------------------------------------------------------</xsd:restriction>
</xsd:simpleType>
<xsd:complexType name="Extensions_t">
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<xsd:all>
<xsd:element name="BloodPressureSystolic" type="xsd:byte"/>
<xsd:element name="BloodPressureDiastolic" type="xsd:byte"/>
</xsd:all>
</xsd:complexType>
</xsd:schema>
---------------------------------------------------------------------------------------------------------Manual extension for blood pressure in xsd schema, usable in Mendix
---------------------------------------------------------------------------------------------------------<Trackpoint>
<Time>2015-07-14T09:31:00.000Z</Time>
<Position>
<LatitudeDegrees>51.59071</LatitudeDegrees>
<LongitudeDegrees>4.79254</LongitudeDegrees>
</Position>
<AltitudeMeters>6.0</AltitudeMeters>
<DistanceMeters>0.0</DistanceMeters>
<HeartRateBpm xsi:type="HeartRateInBeatsPerMinute_t">
<Value>108</Value>
</HeartRateBpm>
<Extensions>
<BloodPressureSystolic>117</BloodPressureSystolic>
<BloodPressureDiastolic>72</BloodPressureDiastolic>
</Extensions>
</Trackpoint>

---------------------------------------------------------------------------------------------------------Example adding the extension for blood pressure done in a TCX file
----------------------------------------------------------------------------------------------------------
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