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Abstract. We introduce Experiencer, a newly developed Experience
Sampling Method (ESM) software for commodity-level smartwatches.
We designed this software mainly to address the compliance-related chal-
lenges, such as dropouts of study participants, that generations of ESM
software solutions have faced. Dropouts are often caused by the incon-
venient frequency and timing of the ESM prompts. This can partly be
mitigated by utilizing physiological smartwatch sensors to learn which
prompting moments are both convenient to the study participant and
also relevant to the ESM study designer. Experiencer enables researchers
to configure context-sensitive sampling protocols, providing access to raw
sensor data, within the boundaries of European privacy legislation. In
this paper, we describe the technical capabilities of our software, com-
pare its features with the state-of-the-art, and showcase its application
in studies that used Experiencer.
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1 Introduction

Studying what people do, feel, and think during their daily routines is essential
to understanding the dynamics of the human psyche [13]. Although the interest
for such information originates in psychological research, it extends to a variety
of other domains where humans are studied (e.g., healthcare [33], media stud-
ies [43], or education [6]). Actions and thoughts can be registered in diaries. Reg-
istering frequently and in a real-life context can result in entries with high ecolog-
ical validity [41]. However, poor compliance to journaling protocols and human
forgetfulness are well-documented challenges for the diary method [10]. There-
fore, it is preferable to distribute self-report prompts throughout daily life rather
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than journaling retrospectively [3,32]. Such a process of collecting self-reported
data about behaviors, thoughts, or feelings during the day-to-day activities of
humans, is commonly called the Experience Sampling Method (ESM [32]). The
same approach with an emphasis on psychological research is known as Ecological
Momentary Assessment (EMA [48]). In the field of human-computer interaction,
context sensing technologies were emerging two decades ago and led to the rein-
troduction of ESM as Contextual Aware Experience Sampling (CAES [24]) with
the emphasis on utilizing context sensing to optimize the sampling procedures.
For the sake of simplicity and consistency, we use the term ESM in the remain-
der of this paper to encompass the aforementioned concepts. Additionally, we
introduce the term wESM (wearable ESM) to refer to the use of wearables (e.g.,
smartwatches) instead of or together with smartphones or other mediums to
handle both collection of self-reported data as well as sensor data.

Considering that ESM aims to prompt during daily life, finding oppor-
tune moments that do not interfere with one’s daily activities to deliver such
self-report prompts (beeps) becomes essential. By doing so, the likelihood of
disturbing study participants becomes lower, hence, compliance is potentially
increased [29]. One common approach to detecting opportune moments is by
longitudinal monitoring via physiological sensors to better perceive the momen-
tary context of respondents.

In the context of wESM, interpretation of sensor data usually requires some
knowledge about the context in which the sensor was used as well as the
participant-specific subjective data. Thus, self-reports are critical to provide
ground truth and complement the sensor data. Then again, study participants
may skip self-reports, especially when studies last longer than a few days. How
to minimize dropouts and maximize compliance requires further research, espe-
cially in the context of longitudinal studies. Typically, compliance is measured
by calculating the dropout rate, response rate, response time, resolution time,
volunteering rate, and the amount of presented information which oftentimes
indicated the poor compliance of the participants [18,31,35,41,50,54].

Arguably, the choice of ESM device used for prompting and data entry, as
well as the prompting schedule affects the participation experience and conse-
quently impacts the extent to which the ESM process is perceived as seam-
less or in contrast, burdensome by study participants [20,23,29,34,49]. Recent
advances in commodity-level smartwatches in terms of interactivity, connectiv-
ity, and embedded sensing technology, offer new opportunities for using them as
wESM devices, which could help reduce the obtrusiveness of wESM signals and
increase their availability as they are wrist-worn. Furthermore, they provide a
quick-and-concise data entry interface, and their sensors pave the way to provide
context-sensitive prompting regimes [46,47]. In the following, we introduce Expe-
riencer [26], our open-source context-sensitive smartwatch-based wESM software
that provides researchers with advanced data gathering features while striving to
attain compliance of participants. Experiencer has been designed with the aim
to enable researchers to flexibly configure their experiment protocol to poten-
tially alleviate response fatigue and sustain sufficient response rates that are
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otherwise hampered by traditional scheduling regimes (e.g., random sampling)
during ESM studies [12,18,55].

In the following, we first review research on ESM-related devices to derive
requirements for wESM support. Subsequently, we introduce Experiencer by
providing conceptual and technical information on client and server components
and their interactions. We also demonstrate how Experiencer was already used
in a variety of wESM studies. Afterward, we discuss limitations, weaknesses,
and directions for future work. Finally, we summarize our contributions in the
conclusion section and encourage the readers to utilize Experiencer for their own
research.

2 Related Works

In this section, we initially summarize the history of digital ESM devices and
their evolution over time. Then, we focus on the contemporary smartwatch-based
wESM solutions and examine the state-of-the-art in the domain.

2.1 History of Digital ESM Devices

While the experience sampling method emerged already in the eighties [32],
digital devices were gaining popularity around the turn of the century (e.g.,
Electronic Mood Device [22] by Hoeksma et al. or the Experience Sampling
Program [3] by Barret et al.).

Due to the eventual prevalence of smartphones since the late 2000s,s, and the
software development kits (SDK) supported by their operating systems (early
on by PalmOS and Windows CE, and more recently by Android, and iOS),
more advanced ESM tools have been created. The applications developed in the
context of ESM have mainly sought to alleviate the complexity of configuring
ESM protocols for researchers by offering custom configuration schemes (e.g.,
Momento [11], AndWellness [21], PsyMate [36], Tempest [4], [5], and formR [2])
and facilitating research-focused data collection (e.g., Funf [1], RADAR-base [42],
and HOPES [53]). Meanwhile, fewer works have accounted for context awareness.
By incorporating context-sensitive strategies the researchers can capture data at
specific events (e.g., context-aware experience sampling tool [24], AWARE [17],
and Paco [16]).

More recently, commodity-level wearables such as smartwatches are being
utilized in the context of ESM as well. They offer SDKs on par with smartphones
and their physiological sensors are more accurate and reliable since they are on
the skin, rather than in the pocket. In addition, they are optimized to collect
physiological (e.g., body activity) data more continuously.

2.2 Towards wESM Smartwatch Applications

In this section, we survey the state-of-the-art in the application domain for
smartwatches utilized for ESM studies.
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Intille et al. focused on the amount and length of interruption, and the diffi-
culty of accessing the device of typical Ecological Momentary Assessment (EMA)
delivered via smartphones [23]. They implemented tEMA as a smartwatch exten-
sion to smartphones that delivered prompts on the smartwatch as well as concise
versions of ESM questions. A study was conducted where yEMA on a smartwatch
was compared with EMA exclusively on a phone. Despite an ~8 times increase
in the number of interruptions, uEMA had a significantly higher compliance
rate, completion rate, and first prompt response rate, and was perceived as less
distracting. Although pnEMA [23] suggested that a substantially higher prompt-
ing rate than EMA, may yield higher response rates and a lower participation
burden, Ponnada et al. aimed to assess the validity of participant responses from
HEMA self-reports [40]. It was concluded that for physical activity registrations,
high-frequency pEMA self-reports were consistent with activities detected by a
research-grade continuous sensor, even when prompting up to 72 times per day.
This demonstrated that pEMA study participants were not carelessly answering
prompts by randomly tapping on the smartwatch. Then again, the experiment by
Ponnada et al. lasted only one week, so further development of smart prompting
protocols may be needed to reduce participant burden and enhance compliance
in longer studies.

Blaauw et al. presented Physiqual, a platform for researchers that gathers
and integrates data from commercially available sensors and service providers
into one unified format for use in ESM, and Quantified Self (QS) [9]. The Physi-
qual platform allows researchers to aggregate and integrate physiological sensor
data with ESM. Although such a platform does not provide a dedicated wESM
application for smartwatches, it facilitates the aggregation of such pre-existing
data sources.

Kheirkhahan et al. developed a smartwatch-based framework for real-time
and online assessment and mobility monitoring (ROAMM) [30]. The smartwatch
application was used to collect and pre-process data. A server was used for
storing and retrieving data, remote monitoring, data visualization, and summary
statistics, and for other administrative purposes. Although the smartwatch app
allowed configurable sensors and supports different types of studies, it is not
openly available and does not support context-sensitive scheduling.

Hafiz et al. showed a strong correlation between the data gathered via their
domain-specific smartwatch application and computer-based tests in a lab set-
ting [19]. The aims of their study were to evaluate the Ubiquitous Cognitive
Assessment Tool (UbiCAT), a smartwatch-based platform they developed to
assess cognitive performance, to investigate its usability, and to understand par-
ticipants’ perceptions regarding the use of a smartwatch in cognitive assessment.

Park et al. developed a framework for collecting and analyzing physiological
data using smartwatches in the wild and demonstrated its robustness away from
controlled laboratory settings [38]. Their system sent random notifications dur-
ing the day asking questions about subjective well-being. They concluded that
methodological research needs to study how to interpret continuous physiological
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signals obtained through such platforms. Once such understanding is developed,
sensing can potentially reduce the burden of self-reporting.

Collectively, these works demonstrate the feasibility, benefits, and pitfalls
of using smartwatches in ESM studies. Unfortunately, however, the underlying
software systems are not available for elaboration by other scholars.

3 Requirements for a Smartwatch-Based wESM Tool

In our analyses of the aforementioned state-of-the-art, we observed that none
of the platforms was offered as a free, reliable, and continued service to other
academics. Furthermore, we identified the lack of a thorough exploration of the
design space concerning commodity-level smartwatches. In the following, we pro-
pose our software requirements for designing a smartwatch-based wESM tool
that we realized by analyzing existing solutions, exploring the design space, and
empirically during the development of Experiencer.

The flexible nature of ESM protocols demands guidelines that researchers
can follow to set up their ESM studies. However, earlier considerations on tools
to support ESM studies(e.g., [14], [44], and [39]) need to be reviewed to
address the opportunities and challenges introduced by wearable devices and
modern software technology. For example, the non-reactivity guideline proposed
by Delespaul [14]: reactivity can be minimized by using small, reliable, and inex-
pensive devices that produce unpredictable prompts and can be fully employed
within a range of environmental constraints [14]. Such concerns can now be
addressed by using a commodity-level smartwatch that can run configurable
wESM software.

By surveying the latest developments in this domain, literature study, run-
ning our own experiments each with at least 50 participants (the number of par-
ticipants was determined based on power analysis, the number of available smart-
watches, and the recruitment process [29,37]), and discussing the requirements
with respective ESM researchers, we distilled a shortlist of features that wESM
platforms should provide. We found four highly relevant multi-purpose wESM
solutions that explicitly used the smartwatches as their main client or specifically
developed to incorporate smartwatches as third-party devices in their ecosystem.
We realized six categories of features to list the key similarities and differences
between the aforementioned solutions: Data collection and analysis, Scheduling,
Data entry, Monitoring interface, Scalability, and Optimization. Moreover, we
added Openness, availability, and security as an additional category, to make
clear that no solution so far could be used by other scholars continuously.

Table 1 provides a comparative overview of the software features of the afore-
mentioned platforms in those seven categories. We define these features as fol-
lows:

Recording sensor data refers to the recording and storing of the data captured
via physiological sensors such as an accelerometer and a heart rate monitor.
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Table 1. Feature Comparison of recent wESM platforms

Category Feature Software
WellBeat | ROAMM | nEMA | Physiqual | Experiencer
B B0l 3ol [26]
Data collection and analysis Recording sensor data v v v v v
Data analyti v v X v X
Configurable X v X X v
Scheduling Context-sensitive X X X X v
Temp. 1 X / X X /
Data entry Input widgets on the smartwatch | v/ v v X v
Configurable widgets X v X v v
Web interface X v 4 X X
X v X 4 X
Scalability X v X X v
Optimization X X X X v
Custom data synchronizati v v v X v
Openness, availability, and security | Reusability and X X X X v
GDPR compliance X X X ? v

Data analytics dashboard enables the realization of statistical reports and/or
discovery of patterns in the collected raw data after data is stored on the
server. Such processing can ideally be customized by the study owner.

Configurable sensors indicates the possibility to enable the desired set of sen-
sors, setting specific sampling frequencies, and setting the duration of the
sensor data recording period.

Context-sensitive refers to the possibility of sending beeps at contextual events
of interest rather than at random or interval-based times. Such events can
refer to simpler conditions such as "send a prompt when sedentary activity
is detected", or more complex ones such as "send a prompt 5min after a
running activity is ended", or "send a prompt as soon as the minimum heart
rate during 10 straight minutes is higher than 100bmp".

Temporal refers to the capability of defining wESM protocols, through con-
figurable settings rather than hard-coded, in time-based manners that are
signal-contingent (i.e., random) or interval-contingent (as defined in [8,14]).

Input widgets on the smartwatch turn the wearable into a data entry device
rather than just a notification device (which would still require smartphone
interactions). Typical widgets are text inputs, radio buttons, or drop-downs.

Configurable widgets facilitates the creation or customization of the look and
feel of input widgets. This is usually supported by either HTML scripting or
by parameterizing pre-built widget components.

Data visualization provides computer-generated representations of the data in
form of charts (e.g., histogram, and scatter plot) in a dedicated dashboard.

Administration dashboard allows the creation and management of wESM
protocols, monitoring the activity of participants, and accessing the collected
data of the study via a graphical user interface (GUT).

Remote device management allows controlling and monitoring the wESM
electronic device (e.g., smartwatch) remotely. Such a feature allows fast and
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easy scale-out by facilitating the configuration of numerous devices at once.
The control over the device also helps with restraining specific out-of-the-box
features of the device (e.g., disabling GPS to enhance battery life and ensure
privacy, disallowing the study participants to install apps on their device,
or preventing factory reset). Remote access can also help with updating the
aforementioned constraints on the fly and seamlessly during the study accord-
ing to researchers’ requirements or participants’ convenience.

Event-based data collection enables intermittent collection of data triggered
by events of interest; e.g., recording heart rate data solely during answering
a questionnaire. This eases the matching of sensory data with self-report
periods and greatly reduces battery consumption compared to when data is
recorded continuously.

Custom data synchronization supports the buffering of data on the wearable
and smart synchronization with the server, potentially also balancing battery
life with the information needs of the study owner. The wESM app may
monitor the WiF'i coverage, assess the Internet connection stability, and then
transfer the data in controlled transactions to assure data persistence and
consistency.

Reusability and availability is unfortunately seldom seen in the latest wESM
solutions. Most of them have either become obsolete already (not maintained
after a specific study), or they were never designed to be reusable (only for
a specific use case, research question, or domain). The few solutions that are
potentially reusable were never provided as a service to other scholars, Expe-
riencer is open-source [27] and its back-end, GameBus, is open-access [51].

GDPR compliance The General Data Protection Regulation (GDPR) is a legal
framework that sets guidelines for the collection and processing of personal
information from individuals who live in the European Union (EU) [15]. Com-
pliance with the GDPR would lessen privacy concerns especially for EU users
(be it researchers or participants). During our assessment, we could not find
relevant or explicit information regarding the GDPR and privacy policy for
most of the solutions. In the case of Physiqual, a platform that connects the
different third-party tools, its conformity partially relies on such third-party
tools (e.g., Google Fit, Fitbit, etc.). Thus, we put ? in the table.

Note that none of the four tools support context-sensitive sampling. Nonethe-
less, such a feature can contribute greatly to the study participants (i.e., inter-
ruptions or prompts are received at more opportune moments resulting in less
burden and fatigue), as well as the researchers (i.e., responses recorded at more
opportune moments are less biased). Therefore, we did treat it as a requirement
for Experiencer. The same holds for the event-based data collection feature.
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4 Configuring wESM Protocols with Experiencer

Experiencer is a context-sensitive wESM tool that allows for recording of sensor
data, configuring sensors, remote device management, event-based data collec-
tion, various sampling regimes, dynamic user interface (UI), and also optimizes
device data storage and data transactions over the network while being open-
access, available, and compliant with standard privacy measures. The back-end
of Experiencer is built on top of GameBus, an open-access health data man-
agement platform that is offered non-commercially by academia [45]. GameBus,
designed following the GDPR-oriented privacy and security measures, guarantees
that all data is stored exclusively in Europe and provides to its users full con-
trol over their data. Experiencer also builds upon Knox, an industrial-strength
device management system by Samsung. Specifically, Knox is used for the remote
(re-)installation and (re-)configuration of Experiencer. Figure 1 visualizes this
modular software architecture.

The behavior of Experiencer is defined by its configuration [27]. The current
version of Experiencer allows setting the configuration through its API. Com-
posing a configuration is the first step to conduct a study using Experiencer.
That includes setting an inter-notification time value, specifying sensor(s) set-
tings, defining contextual rules for context-sensitive sampling (if not, the fixed
interval policy is adopted automatically), and defining a questionnaire. Table 2
overviews the capabilities proposed by our configurations. Each participant’s
account is linked to a specific smartwatch. Next, the participant-smartwatch
pairs are linked to a configuration and a study (that is named by the researcher)
(Fig.2). During the linkage, the researcher can apply different configurations
to the participants of the same study. By setting the configuration during the
linkage procedure, the researcher can construct their treatment groups (e.g., by
setting some participants to configuration A and some others to configuration
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B). Lastly, the final configuration (including the inter-notification time, sensor
settings, questionnaire, etc.) is transferred from the server to the smartwatch
over WiFi. After the successful transmission, the app is ready to use. In addi-
tion, the app periodically checks for configuration updates (e.g., the addition of
a new question to the questionnaire, or a new value for the inter-notification
time), so changes can be applied even after devices have been deployed to study
participants.

Experiencer consumes a JSON-formatted configuration [27]. An essential part
of this configuration is its questionnaire (Fig. 2). Experiencer is equipped with a
parser that interprets the questionnaire dynamically and renders a layout based
on the configurations. The current version of Experiencer supports questions
that are chained in a sequence (e.g., a 2-question PANAS questionnaire starts
with Fig. 3a followed by Fig.3b). Additionally, if a researcher desires a specific
and more complex Ul for the questionnaire, they can program their own interface
using HTML, CSS, and JavaScript.

Questionnaires in Experiencer are made up of question groups where each
holds a set of one or more questions with their corresponding answers (Fig. 2).
Question groups allow the researchers to categorize their questions. For example,
a questionnaire can start with a number of general questions followed by a set of
personality-related questions (general and personality are example categories).
Such grouping aims at a more distinctive and informative user experience.

The key notion in creating a questionnaire is the translation keys. Trans-
lation keys are unique strings that serve both as identifiers and localization
means. They are used to look up the GameBus-provided human-readable texts
(translations) in different languages. Given such translations, the questionnaire
object of the configuration can be transformed into a UT (similar to Fig. 3a and
Fig. 3b). The generated UT is shown to the participants when they press the self-
report button (Fig.3c), or it appears automatically after a scheduled prompt.
Once a participant responds to a question, their response is stored locally and
then transferred to the server transactionally when a stable network connec-
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Table 2. Configuration options of Experiencer
Configuration Options Description

Sampling policy

Context-sensitive
sampling or fixed
interval

Experiencer is programmed to read data from different
sensor and can be configured to beep based on sensor
data. For example, Experiencer can be configured to
send beeps only when study participants engage in
vigorous physical activities or vice versa [29]. The
fixed interval policy provides the classic interval-based
prompting regime when desired.

Inter-notification time

An integer value
indicating
inter-notification
time

The inter-notification time, determines the time
in-between each beep. The role of inter-notification
time for the fixed interval policy is to determine the
period between two beeps. For context-sensitive
policies, the inter-notification time determines the
cool-down period.

Unobtrusive sensing

Accelerometer, pho-
toplethysmography,
heart rate,
peak-peak interval,
body activity
sensors

Body activity data is continuously monitored to
ensure the accuracy of event-contingent policies. It
also serves as a means to know if the smartwatch is
being worn. The other sensors, if chosen by the
researcher, are recorded during the period that a
participant is filling an ESM form (e.g., a
questionnaire), by default, for a maximum of 1 min.
Continuous recording is also possible.

Compliance status

Timestamps related
to beep received,
read, and response
submission times

To analyze compliance, the time when a beep is
received, read, and submitted are by default recorded
to facilitate the calculation of compliance-related
indices such as response delay.

Questionnaire

Questions and
answers as string
literals

The set of ESM questions can be defined by the
researcher. The list is then parsed within the app and
represented to the study participant when a self-report
procedure is started. The questionnaire in the current
version is sequential rather than branched [14]

tion is detected. The GameBus back-end already pre-defines a variety of such
questions. Still, researchers with ESM protocols involving custom questions can
request the addition of such items [52].

5 Case Studies Run with Experiencer

We created Experiencer for 1) effective and accurate context sensitivity to help
increase compliance, and 2) openness, availability, and security. Regarding the
former, not only do we have run various wESM studies but also continuously plan
to test different hypotheses regarding context percipiency. Our learned lessons
from such studies help us fine-tune the context-sensitivity of Experiencer over
time by continuously training models that can be leveraged for decision-support
on expected compliance of protocols. For the latter, on the one hand, we allow
interested researchers from various domains to set up their experiments with
Experiencer. Moreover, we actively maintain and develop our software following
the best practices and guidelines of software engineering and security [26].

To demonstrate the aforementioned capabilities and flexibility of our solution,
below we describe the different wESM studies that utilized Experiencer along
with their goal, and their outcome. The study-specific configuration files are
publicly accessible via the project’s GitHub examples repository [27].
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Fig. 3. Screenshots of Experiencer application as it was configured for the SamenGe-
zond 2020 and 2021 campaigns

The SamenGezond 2020 and 2021 Campaigns. During two health pro-
motion campaigns [37] we used Experiencer, to assess the effects of phys-
ical activity upon experience sampling response rate on smartwatches. We
adopted a context-sensitive schedule to prompt half of the participants at
subtle and the other half at vigorous physical activity levels and observed a
significant difference in response rates depending on such context [29].

GGz Centraal. To measure and predict the stress levels of a subgroup of GGz
Centraal mental healthcare facility patients, Experiencer is being used since
2021 to collect valence and arousal data throughout the day. This ongoing
study also helps assess the adaptability of Experiencer in targeting various
cohorts. To meet the requirements of the target group, a custom user interface
was created by exploiting the rotary capabilities of the smartwatches.

Persuasion Profiling. In another wESM study, Experiencer was used to cap-
ture student motivation, and to assess its influence on the response rate of
students while applying persuasion profiling. Persuasion profiling involves tai-
loring notifications to users (the content of experience sampling prompts in
this case) according to an individual’s susceptibility to known social influ-
ence strategies [25]. On the other hand, the researcher’s script to generate a
custom data entry widget was incorporated.

Affective State. To complement our findings concerning opportune moments
of interruption based on the context [29], in a collaborative wESM study to
measure time-lagged associations between affective state, sleep, and several
other lifestyle-related behaviors, Experiencer was set up to deliver experien-
tial questions compliant with a context-sensitive schedule based on physical
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activity. Following the researcher’s constraints, the app was configured to
send beeps between habitual wake-up and sleep times.

6 Future Work and Limitations

We have sought to identify the requirements of researchers and study partici-
pants so far. Markedly, the addition of branching questionnaires where the tran-
sition of one question to the next is controlled by a rule-based system is crucial.
Such a rule-based system takes into account the response to a question and/or
perceived context to determine the subsequent question(s). Additionally, the
context-sensing could be improved by including contextual information derived
from device usage patterns or others alike related to participants’ behavior to
complement the sensory rules. Moreover, a smartwatch-based wESM software
should include a wide range of user interface elements such as checkboxes, radio
buttons, sliders, etc. to support a substantial subset of ESM studies (excluding
those that are currently difficult to do because of the small smartwatch screen
size and difficulty of text input). In addition, to simplify the interactions between
the researcher and wESM software, interactive dashboards for the administration
of wESM protocol configuration, as well as real-time monitoring and visualiza-
tion of the data should be designed. Indeed such flexibilities, by design, do not
guarantee higher compliance with respect to response rate and retention since
researchers may apply sampling regimes that are deemed intrusive. Accordingly,
the domain lacks fine-grained ESM-related data that would otherwise enable
data-intensive approaches such as data-driven modeling and machine learning
to help address compliance-related challenges in the ESM domain especially by
learning response patterns [28,56]. Thus, more collective effort is required to
share such data openly with other scholars.

Regardless, smartwatch-based wESM tools are affected by some limitations,
such as their rather short battery life especially when sensor data is recorded for
longer periods of time and with high frequencies. Although Experiencer provides
enough flexibility to alter the period of the data collection and the sampling
frequency of the sensors based on the researcher’s requirements, there is an
inevitable trade-off between the accuracy (and volume) of the collected sensor
data and the battery life for wESMs.

7 Conclusions

Experience Sampling is a very popular research method that is used in multi-
ple fields to study the experiences and thoughts of respondents over sustained
periods of time, by repeatedly prompting them to respond to survey questions.
Experience sampling presents several methodological challenges, like participant
burden, low compliance, etc., which researchers have traditionally attempted to
address through technological developments. While currently, most experience
sampling studies rely on smartphones [7], the form factor and sensing capabili-
ties of smartwatches and their growing prevalence open up new opportunities for
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researchers wishing to apply experience sampling studies. This paper reviewed
the few attempts that have been made so far to support ESM studies with wear-
able devices and discussed the requirements for modern ESM tools that exploit
the recent technological advancements in smartwatches. We described the state
of the art in the emerging area of wESM, where wearables and more specifically
smartwatches can be used as signaling and reporting devices in ESM studies. We
created Experiencer; a context-sensitive wearable experience sampling applica-
tion on commodity-level smartwatches. By perceiving context through physiolog-
ical sensors, our software allows researchers to configure sampling regimes that
potentially align with the opportune moments of interrupts. Thus, the likelihood
of sustaining sufficient compliance is increased. Besides that, the input widgets
are all on the smartwatch, accessible on their wrist, and are resolvable with just
a few taps. Besides, context-sensitiveness helps with interrupting at more oppor-
tune moments, thus, the participants are potentially less likely to be disturbed.
We expect that such capabilities result in less burden for the participants during
the study period, and improved compliance and data quality. Future research
could evaluate through case studies the extent to which these benefits can be
delivered. Furthermore, we argued for a specific set of requirements that wESM
platforms need to address, and have shown how Experiencer improves them com-
pared to the state-of-the-art and emphasized how Experiencer advances software
availability and context sensitivity. Moreover, we describe the technical aspects
of our software, look into its configurable features and review how Experiencer
was configured and used in different ESM studies. Lastly, we acknowledge the
improvements required in this domain and point out the barriers caused by the
device restrictions and constraints.
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