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ABSTRACT

Electrodermal activity is one of the most studied
psychophysiological markers of the functioning of the autonomic
nervous system and it has been applied in psychophysiological
research for over 100 years. However, electrodermal activity
measurement has not been largely applied in clinical research
until now due to it being limited to laboratory environment before
the entry of wearable devices. The aim of this study is to speed up
research and development of electrodermal activity applications
based on wearable device measurements. In order to reach that
goal an ecosystem model is proposed that includes open data,
open source, application programming interface and software
development kit as central components. To illustrate the
ecosystem model a case study of Moodmetric is presented.
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1 Introduction

Electrodermal activity (EDA) is one of the most studied
psychophysiological markers of the functioning of the autonomic
nervous system and it has been applied in psychophysiological
research for over 100 years [6]. However, due to lack of wearable
devices that can be worn comfortably during normal daily life and
over extensive periods of time EDA measurement has been
limited to laboratory settings [31] and has not been largely applied
in clinical research. Recently wearable EDA devices have become
available, which make EDA measurement appealing for both
psychological research and clinical use [8]. Wearable EDA
devices have been introduced in many shapes and forms,
including rings [35, 39], gloves [26], wristbands [16],
smartwatches [30], and socks [23]. In psychological research,
wearable sensors allow experiments to take place in more
ecologically valid settings [2], while in health care wearable
sensors enable continuous physiological monitoring at a relatively
low cost [8, 29].

The aim of this study is to speed up research and development of
electrodermal activity applications based on wearable device
measurements. In order to reach that goal an ecosystem model is
proposed that includes open data, open source, application
programming interface (API) and software development kit
(SDK) as central components. In this study the term ecosystem is
used to refer to a network of interconnected organizations that are
linked to or operate around a focal firm or a platform [20, 28], the
platform in this case referring to the Moodmetric platform (Figure

1).

In management research the difference between ecosystem and
other network constructs has been defined in manner that
ecosystem covers both production side and use side participants,
including complementary asset providers and customers [38].
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Application programming interfaces (APIs) have a central role in
ecosystems, as they provide the means to connect to platforms and
to monetize data and services from the perspective of the platform
owner [10, 41]. In the simplest terms, APIs are specifications that
govern interoperability between applications and services [41]. In
global economy APIs have risen as a significant approach for
developing applications, building ecosystems and participating in
the platform economy [27].

Platforms often contain technical boundary resources also known
as APIs for other ecosystem participants [3]. Central role of APIs
in service development and platform development have in turn
created phenomenon known as API Economy.

In API Economy company utilizes resources efficiently and
quickly to create added value for own customers. These resources
can be for example data or function provided by other
organizations. Building blocks utilized are own APIs and public
APIs provided by other organizations (free or commercial) in
addition to developer communities. These enable quicker
adaptability to unpredictable and faster changing customer needs.
Defining characteristics of API Economy are competing for
popularity among application developers and considering them as
primary customers. In brief, services are offered from businesses
to developers (Business-to-Developers, B2D). [27]

It has been even claimed that ‘we are in the midst of a
reorganization of our economy in which the platform owners are
seemingly developing power that may be even more formidable
than was that of the factory owners in the early industrial
revolution.” [24]

2 Electrodermal activity

Electrodermal activity is an indicator of the sympathetic activity
of the autonomic nervous system that is associated with emotion,
cognition, and affection [9], and has been found as a relevant
indicator of stress level of a person [23, 34]. EDA can be
measured through changes in electrical conductance of the skin
[40]. Eccrine sweat glands activate as a response to the
unconscious actions of the human body regulated by the
autonomic nervous system. The sweat glands are exclusively
innervated by the sympathetic nervous system [6], which makes
skin conductance an ideal measure for sympathetic activation in
contrast to other physiological measures (e.g. the heart rate) that
are influenced by both the sympathetic and the parasympathetic
nervous systems [34]. Eccrine sweat glands’ density is high at
palms of hands, which makes a ring form ideal to measure EDA
[29].

Diseases relating to the functionality of the autonomic nervous
system may affect electrodermal activity. Patients with hyper- or
hypothyroidism have been recorded with unusual EDA
measurements [11, 12]. Within a variety of anxiety disorders (e.g.
panic disorder and posttraumatic stress disorder), increased
electrodermal activity and reactivity has been observed [5, 7, 19,
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25]. However, in depression electrodermal activity is often
reduced [1, 42].

3 Ecosystem model for research and
development of wearable applications

An ecosystem model for research and development of wearable
applications is outlined (Figure 1). Consumers are at the top of the
ecosystem and can include e.g. individual consumers that own a
wearable, researchers that use the wearables to conduct
measurements, and corporate users that either own a wearable or
have leased a wearable for duration of a measurement period (for
instance from occupational health care service providers). The
data from the wearables is stored to Application(s), which can be
e.g. native i0OS and Android applications or progressive web
applications [4]. From the Application(s) data is sent to cloud
platform that can ingest and integrate data from several wearables.
The cloud platform further provides a Partner API that
individuals, researchers and corporate users can use to access the
data and build new applications.
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Figure 1: Ecosystem model for research and development of
wearable applications

Moodmetric is illustrated as an instance of this proposed
ecosystem model and described in more detail in the case study.
In the Moodmetric ecosystem, different wearable vendors provide
devices for consumers. Application developers create new
applications with the provided SDK and applications are
distributed via Google Play, Apple App Store and developer
websites. Wearable(s) vendors in the ecosystem currently include
Moodmetric and Kalevala Jewelry. Application(s) include
Moodmetric (i0S and Android) app and Forger Analytics
FSenSync software package for synchronized recording and
streaming of sensor data [15], for example. Moodmetric cloud
functions as the cloud platform that receives data from the
Moodmetric app.
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The Moodmetric API allows to access the Moodmetric cloud
platform data. This makes it possible to build other platforms and
applications using the Moodmetric data. For instance, an elderly
care home could observe stress levels of residents via their own
platform that requests the Moodmetric data from the Moodmetric
cloud. Viewed more broadly the Moodmetric platform could be
part of a health and wellness ecosystem. Ideally this kind of
ecosystem would be one or several platforms with unlimited
amount of data providers. Data providers would have open API to
access their data. On the platform this data could be combined to
other data providers” data or data from any ecosystem partner.

In summary, the ecosystem could include the following
ecosystem roles: consumers, data providers, application
developers, data users, wearable device vendors and platform
owner [see 27]. Data provider could be any public or private
company or even an individual with data that could be of interest
for data users in this ecosystem. Data users could in this
ecosystem be researchers, universities, hospitals, medical
companies, pharmaceutical companies, private medical centers,
care homes etc. They could access data on the platform with
commonly set rules and limitations.

4 Case study of the Moodmetric smart ring

The case study was chosen as a research method for this research.
Case study method was considered as appropriate, because it
allows empirical investigation of contemporary phenomenon
within its real life context using multiple sources of evidence [43].
The study employs a descriptive case study method to what might
be considered as a typical case [44] of a start-up company aiming
to build an ecosystem utilizing its platform and services. The aim
of the case study is to describe the start-up company, its platform
and services, and how the company attempts to build an
ecosystem for research and development of EDA applications.

The Moodmetric smart ring for preventive stress management is
an invention of a Finnish company Vigofere Oy. The inventor
Henry Rimminen (Ph.D.) came up with the idea of incorporating
the EDA measurement into a ring in 2011. The Moodmetric smart
ring is a bio-sensor measuring EDA from the palmar side of the
wearer’s hand. Palmar side of the hands or the feet are typically
used for EDA measurement, because that is where the density of
sweat glands is the highest (>2000/cm2) [34]. The measurement
signal accuracy of the Moodmetric smart ring is comparable to
laboratory devices and the research conducted by the Finnish
Institute of Occupational Health [39] has found the device valid
for field research. The ring transfers the EDA reading from the
ring’s memory to a mobile application by Bluetooth and via the
application also to cloud if the user has enabled cloud
synchronization. Due to internal memory of the ring, the user is
not constrained to stay close to the mobile device. The ring acts
both as a data forwarding and data logging device, which enables
unrestricted continuous measurement regardless of location and
distance to the mobile device. Real-time viewing of the

Mindtrek 2018, October 10-11, 2018, Tampere, Finland

measurement data on the mobile app is, however, possible within
the Bluetooth range, ~5m of the mobile device.

Vigofere Oy has developed an algorithm that describes arousal of
a person on a scale of 0 to 100, called the Moodmetric (MM)
index or the Moodmetric level. When the index numbers are high,
the sympathetic nervous system is very active. High arousal can
be both positive and negative. When the index numbers are low,
the parasympathetic nervous system is working, and the body is
recovering. The in-built algorithm learns from the user and gives
100 to the highest experienced load and 0 to lowest. The MM
level 100 means being extremely stressed, excited, anxious or
frightened. At about 50 the mind is active while below 30 means
being relaxed. Level 1 can be reached at deep sleep. The
Moodmetric index daily average number is assumed to be an
indicator of the balance of the autonomic nervous system (see
Figure 2). This balance is especially important when the target is
to prevent chronic stress.
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Figure 2: Moodmetric mobile application screen capture of
default view and day view.

The default application view on the left side of Figure 2 displays
the raw signal and MM the index, and the day view on the right
describes the daily average number of the MM index, the total
time measured during the 24 hours and step count of the day. In
Figure 2, at the bottom of the left side is the Practice feature. The
Practice can be used to track calmness or arousal during a pre-set
time. The MM index / time chart is drawn and can be viewed in
real-time, and the details separately logged after the exercise. (see
Figure 3 for details).
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Practice Practice
Time Length  Score

2018-07-08 20:59 3 min 391
2018-07-08 20:53 5 min 326

2018-06-06 10:54 5 min 425

. .

Figure 3: Practice mode and Practice log.

With Moodmetric measurement it is possible to understand the
calming effect of any user preferred exercise. In practice mode the
user can choose a duration of 1-60 minutes time to practice and
get feedback from the exercise, e.g. breathing or a mindfulness
exercise [13, 17, 22], to find the most soothing music by
measuring the effect, or to record the calming effect of nature by
spending a moment in the woods [18, 32, 33]. The practice can be
performed silently. Or the user can choose water waves, or clock
as a background sound. Also, external audio can be used, to
support best relaxation during the exercise. Each practice session
is recorded, and the user can thus observe the development in the
exercises and their impact to the autonomic nervous system. For
each practice session, the time of the session, the length of the
session, as well as the average MM level score is recorded (Figure
3).

The Diary feature provides the user the possibility to follow MM
levels of activities in calendar form. The activities can be
categorized to better understand how e.g. work or family affect
the MM level. Activities can be added to the Moodmetric mobile
app manually or uploaded from the phone calendar. As the EDA
measurement is unable to make a distinction between positive or
negative mood, the diary function enables to log activities and add
to the measured arousal the mood during particular activity (see
Figure 4). By doing so, the user can keep track, which activities
cause high or low arousal and positive or negative valence, as
outlined by Cowley et al. [8].
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Figure 4: Analytics of user activities and diary for reporting
the activities.

In addition to the mobile application, Moodmetric data can be
viewed and accessed from Moodmetric cloud platform. The
Moodmetric cloud service includes a dashboard, where day, night
and weekly chart of measurements are visualized, and statistics of
MM levels are provided (Figure 5).

Figure 5: Moodmetric cloud service dashboard.

The users can synchronize data from several smart rings to the
cloud platform, and also export the data as CSV-file from the
platform. The platform includes also a service for group
monitoring, e.g. for monitoring the stress of teams or other
organizational units. The platform provides also APIs for
accessing the data and enabling to build third-party services.

One motivation for providing open data, software development
kits, and application programming interfaces were recognized by
the company, while participating in hackathon events [37], e.g.
DigiSyke Health Hack, Hyvinvointihackathon (Wellness
hackathon), SAPSyke Hackathon, and BHTC Hackathon, where
the goal was that anyone could develop new services and
applications that make use of the Moodmetric smart rings.
Typically, the requirement in such cases are that open data and
API’s are available for the participants.
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5 Open data of electrodermal activity
measurements

In the case of the Moodmetric smart ring, the data can be accessed
via the cloud or exported from the mobile device. Example of data
collected with the Moodmetric smart ring is available from
GitHub: https://github.com/KariSuoja/MoodmetricDataViz/data.
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Table 2: Moodmetric smart ring relaxlog.

Data exported directly from the smart ring contains three tables:
datalog (see Figure 2), relaxlog (see Figure 3) and diarylog (see
Figure 4). Datalog contains the most essential measurement data
and is also synchronized to cloud, whereas the two other logs are
by default stored only to the mobile device. A description of the
datalog is illustrated on Table 1.

Table 1: Moodmetric smart ring datalog.

Column | Variable Description

number

1 user_id Identification number for the user

2 ring_id Identification number for the
smart ring

3 length Length of the practice session

4 score Average MM index of session

5 synced Syncing to cloud: 1= synced, 0=
not synced)

6 name Name given to the practice
session (optional)

Diarylog contains data on both the measured and user logged
events. When a user inputs the time interval of the activity (see
Figure 4), the diarylog stores the start and end time as separate
values that are used to compute the average MM index (stored in
datalog) for the activity. Similarly, diarylog contains the
practiceld value that connects it to practice events (stored in
relaxlog). Description of all the diarylog variables are illustrated
on Table 3.

Table 3: Moodmetric smart ring diarylog.

Column | Variable Description

number

1 user_id Identification number for the
user.

2 ring_id Identification number for the
smart ring.

3 time Time in milliseconds starting
from the date 1.1.1970.

4 scrn Activations per minute / skin
reactions per minute. This integer
typically variates between 0..20
with a typical rate of ~3-4.

5 mm MM index.

6 scl Raw level of conductance of the
skin. The unit is micro siemens
(uS) and the value typically
varies between 0.2-20 pS.

7 steps Number of steps.

8 aa User calibration value.

9 synced Syncing to cloud: 1= synced, 0=
not synced).

From the cloud the datalog can be also downloaded as a CSV-file.
The CSV-file is nearly identical with the datalog table presented
in Table 1, however, the synchronization information is only
stored in the mobile device and CSV export from cloud contains
device_id as additional variable.

The relaxlog is illustrated on Table 2 and diarylog on Table 3. The
relaxlog contains the data visualized in Figure 3, with additional
variables identifying the user and the smart ring used.

Column | Variable Description

number

1 title Name given to activity

2 category Activity category.

3 mood Mood  during activity on
unhappy-neutral-happy scale.

4 start Start time of the activity.

5 end End time of the activity.

6 all_day All-day long activity.

7 notes Text field for documenting notes
about the activity.

8 tag User given tag to the activity.

9 calld Identification number for
calendar events

10 practiceld Identification number for the
practice session

11 synced Syncing to cloud: 1= synced, 0=
not synced).

The categories available for activities include: Sport, Work,
Family, Relax, TV / Web, Dining, Art, Travel, Sleep, Other. In
addition to the predefined categories, the user can give his/her
own category as tag. Both Table 2 and Table 3 contain a column
called synced, however, this data is not currently synced to cloud
due to restricting potentially sensitive data being transferred to
cloud. This is to avoid scenarios, where such data might be leaked
out or combined to other data in a way that compromises privacy
or security of the users [21, 36].
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6 Open source application for visualization of
electrodermal activity data

An open source application called MoodmetricDataViz has been
developed for visualization of electrodermal activity data that
works with the open data described in previous chapter. An earlier
release [35] was updated to include support for (database exports
from) Android devices, and visualizations for extended time
periods (from 24 hours to one week). The purpose of the open
source solution is to offer a complementary tool for those
researchers that are familiar with R and wish to develop their own
solutions from data extracted from mobile devices. Alternatively,
developers and researchers can use the previously described cloud
service or API described in next chapter.

The application takes database files downloaded from the mobile
devices to a PC/Mac folder as input data for the tool. The data
collection approach in this instance is simply downloading the
database files from the mobile device to the input folder of the R
application. The user needs, in minimum, to download and install
R free software environment to be able to use the application. The
application loops through all the stored database files in the input
folder, pre-processes the content, computes additional data values
based on the measurement data and generates easily
understandable visualization from the data. The output files are
written in separate folder where there is one summary Excel
workbook for all given measurement data and dedicated Excel
workbooks for each database input files. The data in the
workbooks are separated to worksheets based on the content,
figures have their own worksheet, graphs their own and each of
the actual numeric information is in their own sheet.

The measurement data contains typically breaks due to various
human reasons (people take the ring off the finger for a short
period of time for going to swim, etc.), which need to be taken
into account in data processing. The tool also adds in the
worksheets the length of the actual sample data i.e. the total
amount of sample minutes (breaks taken into account).

Data outputs include a trend curve, a Circle diagram and the data
in spreadsheet format for the selected processing period. The trend
curve is produced for each user (database file) to visualize the
Moodmetric MM level value variation during the selected time
period. Trend curve is filled with colors from red to beige to
emphasize the MM level (Figure 6).
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Figure 6: Trend curve from the open data.

The second data visualization produces the circle diagram (Figure
7), which follows the same principles as the mobile application in
presenting Moodmetric MM level as twelve hours sets. One set is
for daytime i.e. from 6:00 to 18:00 and another for nighttime i.e.
from 18:00 to 6:00. The data processing tool creates as many
twelve-hour diagrams as needed to cover the given time period.
Color coding for circle diagram is identical to the coding on trend
curves (Figure 6).

The application converts the MM value data to polar coordinate
values for plotting the circle diagram, each of the twelve-hour sets
representing a full circle. Polar co-ordinate values are calculated
separately for each color coding zones taking in account of the
maximum value of each zone. The application produces the circle
diagram by plotting the calculated polar coordinate values as
polygons starting from the highest color coding zone.

12
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i

Figure 7: Circle diagram of the open data.
Finally, the application provides the MM value data used for trend

curve and the circle diagram also in numeric format for further
processing and analysis (Table 4).
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Table 4: Open source data in table form.

SCR.freq... Step. awake Raw.

Time Time.String MM.number SCV...of.SCL._SCR.min. SCL..uS. count ..1.0. MM
15314508(2018-07-13 06:00 4.61291987333654 0.09765625 0 0.459558823529412
15314508(2018-07-13 06:01 4.53113189720333 0.09765625 0 0.446428571428571
15314509:2018-07-13 06:02 4.43822525853776 0.09765625 0 0.446428571428571
1531450912018-07-1306:03 4.33790617818396 0.0732421875 0 0.446428571428571
15314510:2018-07-13 06:04 4.24502465127465 0.0732421875 0
15314511(2018-07-13 06:05 4.20346593642048 0.0732421875 0
15314511(2018-07-13 06:06 4.10589936158118 0.0732421875 0
15314512:2018-07-1306:07 4.06326522803796 0.0732421875 0
1531451212018-07-13 06:08 4.07330884603612 0.0732421875 0
15314513¢2018-07-13 06:09 4.08861340679523 0.048828125 0

0.446428571428571
0.446428571428571
0.446428571428571
0.446428571428571
0.446428571428571
0.446428571428571
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In addition to the MM values the Excel work sheet for numeric
values includes: time stamp, activations per minute / skin
reactions per minute (SCR frequency per minute), % of SCL
value (SCV value), raw level of conductance of the skin (SCL),
step count, MM value, and awake/sleep indicator (feature
currently not active in the application) as illustrated in Table 4.

7 API and SDK for developing research tools and
third-party applications

The Moodmetric API makes it possible to benefit from data at the
Moodmetric cloud. The Moodmetric API is a partner API type
and available upon request and is shared with companies building
e.g. health and wellness data platforms. The aim is to increase use
and awareness of the EDA signal by providing an open API to all
requestors with appropriate solutions. Via the Moodmetric API it
is possible to access, for example, the indexed measurement data.

The Moodmetric SDK is intended for external app developers and
also available free of charge. It includes full documentation of the
interface and also example applications for iOS and Android.
Example of features provided by the SDK include:

e The MM number notification tells if the person is very
stressed or excited. High MM notification is issued
when the MM level is elevated for over 5 minutes.

e The Relax notification tells if the person has
successfully managed to relax for example in a
meditation exercise. Relax notification is issued when
the MM level is low for over 5 minutes.

e The strong reaction notification tells if a strong
emotional reaction has been detected at a certain
moment, for example, when testing responses to
images and sounds.

8 Discussion and conclusions

Successful platforms of the future provide valid, interesting and
timely data. They enable easy access and possibility to combine
external data. Open interfaces and SDKs provide a way to have
data easily available on one or several platforms. Based on the
case study, a vision future of the Moodmetric platform is
illustrated in Figure 8.
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Figure 8: A vision for future Moodmetric platform.

One key driver of any ecosystem is an application developer
community. Focus on Business to Developer (B2D) with product
level tools such as an SDK would most likely lower the barrier to
entry and boost ecosystem growth. The main purpose of any SDK
is to make application development faster, easier, fun and more
standardized. Thus, the SDK development should be application
developer need driven. In other words, whatever feature
application developers need and what makes their life easier,
should be added to package.

Nascent Moodmetric platform currently provides partner API for
data utilization by selected partners to build better services for
various consumers. To enable easier data aggregation to cloud
platforms, the SDK should provide ready-made API driven tools
to connect data from wearables (the Moodmetric ring and all other
wearables or sensors) to the selected mobile app or cloud, not only
Moodmetric, with ease. This would create an end-to-end data
management support in the SDK for the application developer.
Data transfer functionality requires development of standard data
model and API implemented by several cloud platforms. Without
standard API, the SDK development might become cumbersome
and complex since all platforms would have unique
implementations. Some consumers want to use data in specific
services. This requirement will be fulfilled by providing export
function in SDK. Export data models should use and follow
common de facto data models when possible. In addition, data
formats should be open.
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One of the additional key services provided by the platform would
be end-user identity and user management, which contains a login
feature as well. Providing such services possibly via SDK or
possibly directly via APIs would speed up application
development and thus shorten time to market span. The SDK
could contain ready-made login function for different platforms in
the ecosystem and thus not tie all application development only to
Moodmetric.

Providing just an SDK for developers is normally not enough.
Access to offered application development tools and support
should be one stop shop for application developers. Offering a
simple developer portal with code and use case examples, SDK,
documentation would be the beginning of developer program,
which is needed in B2D marketing.

Emerging platforms of EDA applications might have different
ways of working, e.g. different revenue models (such as
subscription, license, freemium, or pay-as-you-go) [14] and they
might be targeting a niche audience. When more such platforms
emerge, data providers and users can choose a platform best
fitting their needs, based on available data and platform
regulation. To conclude, more cooperation between data
providers, hardware (sensors, wearables) vendors and application
developers is needed to enhance open data and API Economy.
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