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INTRODUCTION
The personalized healthcare movement seeks to improve the quality of healthcare through patient
data [11]. The widespread proliferation of self-tracking technologies, which started out as a niche
interest amongst technologists who wished to attain “self-knowledge through numbers,” [17] has
played a key role in the emergence of personalized healthcare, particularly for patients who
manage chronic conditions such as irritable bowel syndrome, migraines, diabetes, and multiple
sclerosis. In the past decade, Apple [45], Samsung [44], and other companies have introduced
wellness-centered self-tracking products, targeted to a wider user base with heterogeneous
motivations for self-tracking. What began as a community of technologists and tracking
enthusiasts has evolved to include a global consumer base of self-trackers who use wearables and
software to produce everyday “small data” in service of health, wellness, and self-reflection.

Personal informatics has thus been hailed for its potential to empower patient-users in a new age
of democratized, personalized healthcare [22]. In practice, empowering users through personal
informatics requires thoughtful design considerations that are sensitive to agency, autonomy, and
interpretability of data, highlighting the critical role of design research for personal informatics
in human computer interaction [30] [27].

The diverse motivations of self-trackers have been characterized by Rooksby et al. as primarily
reflection, behavior change, and/or interest in the technology itself [15]. These motivations shape
individual tracking styles and approaches, which can include different trackers and devices,
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different “temporalities of tracking,” and varied ways of incorporating self-tracking into daily
life, what Rooksby et al. has deemed “lived informatics” [15]. One aim of self-tracking can be
diagnostic, which means the user (who may or may not be clinically diagnosed with a chronic
health condition) is primarily or partially interested in uncovering causal relationships in their
behavior and health outcomes. For those who manage a chronic condition like IBS, this means
that self-tracking may be used to identify food triggers, which are often uniquely individual for
reasons not exclusive to genetics, environment, and levels of access.

Self-trackers whose primary motivation is diagnostic typically try to extract these causal
relationships from their data; however, this proves to be challenging without a structured
experimental process: forming a hypothesis, then staging interventions, and finally performing
statistical analysis and interpretation of the data [20]. This framework has been called
self-experimentation, which itself has a rich history within the context of scientific discovery [3],
and is one method through which a self-tracker can generate actionable knowledge that can
inform how to shift behaviors [25]. However, self-experimentation requires prior knowledge
about experiment design that many users do not have, otherwise users may reach results that are
not meaningful [24].

Prior work in HCI on self-experimentation has investigated its potential domain-specific
applications, such as in improving sleep, identifying food triggers, and managing migraines.
However, evaluations of these systems have shown that users desire a general-purpose
self-experimentation system that they could incorporate into their daily lives [16] [24]. Several
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other studies required the presence of a researcher in order to guide decision-making throughout
the setup process [46], which is not a scalable model for incorporation into consumer
self-tracking technologies.

To tackle these challenges, we designed, implemented, and deployed a general-purpose
self-experimentation system called Self-E. Our system draws upon best practices and guidelines
for successful single-case experimentation amongst novices, striking a balance between
customizability and rigidity so that users could take full advantage of the structural support we
provide in the system while being free to determine the goals, outcomes, and procedures for data
sampling that incorporates most easily into the fabric of their lives. We evaluate this system by
deploying it into the wild, and from user data we draw implications for future research that aims
to make the benefits of self-experimentation accessible to a wider audience.

RELEVANT LITERATURE
Enabling Precision Medicine through Personal Informatics
Hekler et al. have outlined the need for a small data paradigm in medicine, which can be
complementary to big data research strategies in order to bring about increased precision in
description, prediction, and control of individual health [35]. Personalized or precision medicine
(sometimes called P4 medicine: predictive, preventative, personalized, and participatory) thus
has the potential to empower patients and ultimately deliver higher quality care [12]. A small
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data paradigm, which is marked by an emphasis on continuous, n-of-1 data collection and
eschewing concerns around external validity and statistical norms across populations, allows for
“understand[ing] dynamic, multi-causal, and idiosyncratically manifesting phenomena” [35]
within subjects. The design and proliferation of self-tracking technologies such as wearables and
mobile apps has been a key enabler in articulating and implementing this vision of the future of
medicine [21].

Self-tracking and lifelogging, whether accomplished through wearables, mobile reporting, or
even analog methods such as journaling, is studied within HCI under Personal Informatics.
Coined by Li et al. in 2010, personal informatics (or personal analytics) investigates and
prototypes systems that employ a user’s own personally-generated data to accomplish a host of
different user goals, such as behavior change, chronic illness management, or general wellness
[6]. To better understand how users actually use trackers in their everyday lives, Rooksby et al.
studied the “lived experience” of tracking, taxonomizing tracking activity into 5 distinct (but in
practice often overlapping) categories: 1) directive tracking, driven by a goal such as losing
weight, 2) documentary tracking, which seeks to document activities rather than alter them, 3)
diagnostic tracking, which aims to determine causal links between individual behavior and
outcomes, 4) collecting rewards, motivated primarily by collecting social or material rewards,
and 5) fetishised tracking, which is distinguished by a “purer interest” in the tracking technology
itself [15].
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Both diagnostic and directive self-tracking present opportunities for self-experimentation system
design research [25] [28]. Users who engage in diagnostic self-tracking often find that although
causal inference could greatly assist in their capacity to accomplish a health goal (e.g. identify
and avoid migraine triggers), the rigor and technicality needed to draw actionable conclusions
remains a significant barrier to users [13], including even experienced self-trackers. Many
self-trackers thus rely on data visualizations or statistical tools to draw insights that may be
inaccurate or only correlational. Lee et al. found that self-experimentation can play a positive
role not just in discovering what habits to implement (diagnostic tracking) , but also in directive
tracking by allowing users to hypothesize and test strategies to most effectively maintain those
habits over time [25].

Quantified Self and Democratized Knowledge Production
The history of self-tracking and self-experimentation extends back to ancient times, but the
proliferation of tracking devices in the last 30 years [21] has driven the widespread adoption of a
set of uniquely contemporary data practices. The Quantified Self (QS) movement and its
community members have played key roles in this popularization of self-tracking [37]. QS
community members are self-tracking enthusiasts centrally motivated by the movement’s goal of
“self-knowledge through numbers.”

Though self-experimentation is commonly practiced by the QS community, it has yet to find
traction within a larger user base. Unlike typical users of self-tracking technologies, QS

6

community members are often professional or amateur scientists, engineers, or otherwise
technically proficient. Despite the name “Quantified Self,” QS members are just as invested in
generating knowledge that uniquely serves the individual as they are in sharing their findings and
tips for doing rigorous science without the resources available when operating within scientific
institutions [17] [21]. Thus, QS community members have written extensively on best practices
for running successful self-experiments. These resources are freely available on the internet
(reflecting an open, hacker-esque ethic) and are sometimes presented at in-person meetups [21].

Citizen science and biohacking are closely associated with the QS movement in that they each
operate within a small data paradigm and, to different extents, incorporate democratized
approaches to the generation of scientific knowledge [47]. Citizen science refers to scientific
projects that incorporate the public’s participation to various degrees of involvement, most
commonly in data collection, but sometimes also in hypothesis generation and result analysis
[40]. The biohacker movement (also known as DIYbio) also began through self-experimentation
[33], though it remains largely understudied within HCI. Most broadly, biohacking describes
experimentation with biology (which often can be but is not limited to experimenting with the
subject-investigator’s body) that happens entirely outside of an institutional or professional
context [47]. Biohackers are typically motivated by a transhumanist vision [33]. Although the
term “biohacker” may conjure images of implants and technological prosthetics (which more
specifically characterize the grinder submovement), actual biohacker practices include
behavioral modifications such as intermittent fasting to control the body’s metabolic state, or
limiting exposure to blue light to encourage the production of melatonin at night [34].
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Importantly, although each of these movements describe a trend toward the democratization of
science, biohackers and QS members are more thoroughly involved in every step of their
self-experiment setup, execution, and analysis, whereas citizen science continues to rely on an
implicit expert/non-expert divide to conduct research [33]. Recently, a study run by prominent
QS members Gary Wolf and Azure Grant implemented a model of Participant-Lead Research
(PLR) which aimed to use participatory cohort-based self-experimentation to produce
generalizable health knowledge [40].

Self-experimentation Systems
A number of self-experimentation systems have been designed and evaluated within HCI
research. SleepCoacher was designed to support the execution of 3-week long self-experiments
for users to improve their sleep [19]. SleepBandits introduced further user agency by allowing
users to select their sleep-focused self-experiment from a list, rather than having an experiment
assigned as in SleepCoacher [38]. TummyTrials used self-experimentation to identify dietary
triggers for patients suffering from irritable bowel syndrome [24]. Bioloop is a sleep-tracking
self-experimentation system that uses an Oura Ring and Fitbit to collect user data and deliver
individualized recommendations [48]. Trialist supports n-of-1 experimentation for chronic pain
management by enabling collaboration between clinicians and patients to determine the
treatments, frequency of data collection, and length of experiment for an individual’s experiment
[46].
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Fewer systems have been developed for general-purpose self-experimentation. QuantifyMe is an
automated self-experimentation system that allows participants to select one of four possible
self-experiments to conduct [31]. Each of the experiments had four stages of treatments and
lasted for 6 weeks. PACO supports users in creating their own experiments, which they can then
invite other PACO users to join [43]. The data generated from these experiments are collated for
the experiment creator. PACO does not innately support setting up a phase design, nor does it
provide any statistical analysis of user data [43].

Single-case Experimental Design
The rise of P4 medicine has led to a revival in research on single-case experimental design [41].
Also known as single-patient or n-of-1 trials, single-case experimentation typically involves
administering two (or more) different treatments to a single subject and analyzing the effects of
those treatments on a dependent variable [9]. Within clinical settings, single-case
experimentation has been noted for its potential to generate higher quality care through
individualized, evidence-based health insights, and has seen widespread application in not just
health, but also counseling psychology, rehabilitation, sports, and education [9].

Compared to conducting a between-subjects trial, n-of-1 trials provide both greater flexibility
and more opportunities for creative experimentation. However, novices to single-case
experimental design often require guidance and structure in order to conduct successful
experiments that lead to meaningful results [23]. In clinical settings, guidance typically takes
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place via collaboration between patients and providers [41]. By contrast, many
self-experimentation systems are marked by the absence of such a health provider or expert
throughout the experimentation process and tend to restrict much decision-making and/or use
procedural guidance as a stand-in for human expertise [19] [24], though human-in-the-loop
designs have also been explored [46].

SYSTEM DESIGN
We introduce Self-E. Our exploration of prior work led us to identify two persistent issues
amongst users of self-experimentation systems. First, challenges at various stages of
self-experimentation can reduce adherence rates, particularly in unstructured evaluation
environments [38] [31]. Data collection, for instance, can be hampered by variables being poorly
defined or difficult to manipulate [16]. An over-burdensome system can lead to tracking fatigue,
poor daily adherence, and other problems that can lead to failure to obtain a result at all [23]
[13]. Second, users often require significant amounts of guidance and restriction so as to prevent
poor experiment design [20], which can lead to dubious or unmeaningful results. A third theme,
which presents several tensions with the prior themes, emerges from user desire for greater
freedom, whether that freedom is to make minor changes to the experiment such as check-in
timing or to alter the original purpose of the experiment [24]. Lastly, a consideration that arises
specifically within the context of a general-purpose self-experimentation system is that the
experimental design, scaffolding, and guidance should generalize to the many different types of
self-experiments that users are likely to run.
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Design Process
Our goals throughout the design process of Self-E were thus: to reduce user burden during
experiment setup and operationalization, to provide as much as freedom and agency as possible
to users to ensure flexibility of the tool, and to identify key pitfalls that users are likely to
encounter and design around them. In order to tackle these challenges, we created handmade
paper prototypes (Figure 2(a)) for the setup of pre-configured and custom experiment setups. We
conducted in-person user tests with these prototypes with fellow HCI researchers as well as
arbitrary individuals at the Brown University bookstore and the Student Center. These tests
required a user to complete a simple task, such as start and configure a new experiment of their
choosing. From these tests, we surfaced a few pain points. First, if the order of steps in setting up
an experiment did not conform to user expectations, then users felt confused, frustrated, or
believed that they were being asked to do repeat work (which they actually were not). For
instance, many users approached the experimentation process with an objective in mind first (“I
want to improve my productivity”) rather than a behavior modification (“Meditation”) first, as
was presented in our prototype. Second, users often called attention to the number of steps
needed to customize a self-experiment, indicating impatience. Third, more technical concepts
such as “independent variable” created significant confusion. Even when we substituted out the
jargon, users continued to need further clarification.
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As we transitioned from a handmade paper prototype to a low-fidelity wireframe (Figure 2(b)),
we re-ordered the experiment setup to mirror user expectations, streamlined the customization
process from 11 active steps to 6 steps, and replaced technical jargon with simpler keywords
which we further contextualized with illustrative examples. We then presented low-fidelity and
high-fidelity interactive prototypes (Figure 3) to clinicians for additional feedback.

Figure 1: I nitial mockups for Self-E, with preliminary user flow for creating custom experiments
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Figure 2: ( a) Handmade paper prototype used to test different user flows for customizing
experiments. (b) Low fidelity prototype to further understand usability concerns.

Figure 3: High fidelity, interactive prototype.
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Flexible Experimental Design in Self-E
Building upon lessons learned from novices engaging in self-experimentation, Self-E
implements a general-purpose single-case experimental design that aims to strike a balance
between customizability, extensibility, and scientific rigor.

Experiments in Self-E are structured to have one independent variable and one dependent
variable. To the user, these are respectively deemed the potential cause and the effect (Figure
6(a)). Users may only have one active self-experiment at a time. Barring the user from engaging
in multiple experiments eliminates a source of statistical pitfalls [23]. Although many
self-trackers track multiple aspects of their lives [6], and novice self-experimenters tend to be
interested in running multiple experiments, prior research has demonstrated that experimenting
with too many variables was a common pitfall for novices [23], leading to tracking fatigue,
decreased motivation, and potentially confounding interactions between the experiments.
Notably, the particular experiment structure we used in Self-E limits users in some ways. We
discuss directions for expanding the flexibility of experimental design in Self-E in the discussion.

We performed a comparison of other self-experimentation platforms and their phase designs to
guide our design rationale for experiments in Self-E. Previous studies have used AB [19],
balanced randomized [24], and AB1B2B3 [31] phase designs. However, more recent approaches
use multi-armed bandit algorithms and Bayesian analysis to dynamically assign the more
desirable condition during experimentation, which may be less disruptive to a user’s daily life
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and present more understandable results [49] compared to balanced trials. Thus, experiments in
Self-E always feature two different conditions of the independent variable which are assigned to
the user daily in a randomized phase sequence weighted according to an expected reward
calculated through Thompson Sampling. Being able to explore more than two levels of a
condition, as implemented in QuantifyMe, may be of interest to users but requires lengthening
the duration of experimenting to sufficiently explore [23]. A randomized study helps account for
either known or unknown confounds [41]. In cases with carryover effect, an AB phase design
may be more appropriate than a randomized one. To account for this, Self-E recommends that
users only experiment with aspects that do not have a carryover effect.

Experiments in Self-E are set to be 6 days in length, but the user can alter this length for custom
experiments (with guidance that still recommends a minimum of 6 days) (Figure 6(d)).
Thompson Sampling can return “results” from very few data points, but premature exposure to
experiment results may induce a bias in the user’s recorded responses [29], so they are not
exposed to the user until the number of days on which data is collected equals the set experiment
length. On top of being able to provide results early on if the user so wishes, Thompson
Sampling has the additional benefit of allowing an experiment to run indefinitely and adjusting a
result with each new data point, giving the user great flexibility in deciding when they have
gained enough insight.
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Improving Quality of Self-reported Data
Self-E aims to strengthen the quality of data collected during self-experimentation by presenting
the option to use the Experience Sampling Method (ESM) to gather dependent variable data
(Figure 4(c)). ESM is commonly used in research that assesses affective state and technology
usage [36] since it presents distinct advantages for measuring variables that may fluctuate
throughout the day, in addition to reducing reliance on human memory by asking participants to
reflect on shorter periods of time [14]. Compared with fixed scheduling, ESM provides a more
holistic picture of a variable that mutates across the participant’s day and works well to measure
aspects such as productivity, mood, and energy level. Fixed scheduling, on the other hand, may
be more appropriate for assessing aspects that do not vary throughout the day or when the goal of
the experiment is to assess an aspect at a consistent time every day.

Experiments in Self-E are set to either fixed scheduling or ESM (“randomized scheduling” to the
user), but users have the freedom to select either assessment protocol. If the user opts to use
ESM, they may set how many times they would like to be queried throughout the day (sent in the
form of app notifications), as well as a time frame within which they can field notifications.
Research on mobile self-reporting has shown that the accuracy of response data may be affected
by the time of day, tracking fatigue, as well as the length of questionnaire [36]. Thus, to limit
user burden and encourage response accuracy, Self-E limits the time window to be at earliest
6:00 and at latest 23:45 and surveys the dependent variable using only a single 1-5 rating scale to
shorten completion time. Self-E caps the number of questionnaires at 5 per day, although
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literature on ESM suggests that researchers use 5-17 questionnaires per day. We chose the upper
limit of 5 based on literature that suggests that novice self-experimenters experience tracking
fatigue even when answering fewer than 5 questionnaires per day [23].

User Interface - Experiment Setup
When a new user begins using Self-E, they are taken through an on-boarding process that briefly
introduces the concept of self-experimentation and its advantages (Figure 4(a)). Upon
completing registration, users are required to either select an experiment from a list of
pre-configured experiments or to create a custom experiment (Figure 4(b)). Pre-configured
experiments are each configured by our team of researchers using recommended settings backed
by research. The list of pre-configured experiments was curated to highlight the unique
advantages of n-of-1 experimentation, where the user only cares about their individual results
which can be impacted by complex factors such as genetics, lifestyle, and environment. For
example, caffeine is the independent variable for several experiments within Self-E because
research has shown that genetic factors drive differences in an individual’s metabolism of
caffeine, leading to disparate impacts on a person's mood and ability to sleep [4].

In order to create the list of pre-configured experiments, we drew from self-tracking literature to
build a list of aspects that were commonly tracked [15], and we consulted with clinicians to
generate interventions that would be both interesting for single-case experimentation and viable
for our specific experimental design (e.g. unlikely to have carryover effect). The list contains 24
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experiments, each of which is a combination of one of the five interventions (meditation,
physical activity, food & drink, walking, and hours slept) and one of the five effect variables
(energy level, mood, pain level, productivity, and sleep quality). The only combination that we
did not include in the list was hours slept and pain level due to the lack of background research
to support the viability of such experiments.

If a user selects an experiment from this list, they are taken to a settings page (Figure 4(c)). Here,
they can personalize the cause variable check-in time, the effect variable check-in time window,
the check-in style (fixed schedule sampling or ESM), and the amount of the intervention they
will be applying (10 minutes of meditation). The flexibility that users have to change the
check-in time was intended to allow them to fit self-experimentation into their schedule, to
encourage a higher response rate and better adherence. Users can also customize the labels of the
scale used to rate the effect variable because the ranges of experience with something like pain
can vary among individuals (Figure 5(c)).

Although we present many customizable features to the user, their values are set by default with
the recommendations based on prevailing research. For example, an effect variable such as
“mood” can be variable throughout the day, so for experiments measuring mood, randomized
experience sampling is selected by default as the check-in style [14]. The scale labels for each of
the effect variables are based on a commonly accepted scale for the given variable, except for
productivity which does not have a widely accepted scale, so we choose to make it general (from
“very productive” to “very unproductive”). These default values alleviate friction for a novice
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starting an experiment for the first time, while still affording the freedom for an experienced user
to alter their in-app experience to fit their needs.

Figure 4: Onboarding and experiment setup. (a) Explanatory screen that introduces new users
to the app. (b) Experiments tab: includes a list of pre-configured experiments as well as a custom
experiment option. (c) Setting up a pre-configured experiment: fields are populated by default
according to best practices, but can still be overwritten. (d) Instructions that users receive upon
starting a new experiment.

Figure 5: Tracking and reflecting on self-reported data during the experiment. (a) Home tab:
users can self-report IV or DV data, view current experiment data or results, and edit or change
their experiment. (b) Check-in popup for IV or cause. (c) Check-in popup for DV or effect. (d)
History tab: users can view previous experiments that they have created.
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Figure 6: Custom experiment setup user flow. (a) Explanatory page for setting up a custom
experiment, which uses color-coded keywords and provides an example of an experimental goal.
(b) Opportunity for users to enter their custom experimental goal, along with just-in-time
training on how to pick an appropriate IV and DV. (c) Condition setting: users must select two
conditions (corresponding to IV) which they alternate between during their experiment. (d)
Custom length: this sets the number of days that we withhold the experiment result.

Custom Experiments
While Self-E provides a list of pre-configured experiments geared toward novice
self-experimenters, users may also opt to create a fully customized experiment from scratch. In
setting up a custom experiment, users can determine the independent variable, dependent
variable (Figure 6(b)), two conditions to compare (Figure 6(c)), and experiment length (Figure
6(d)), on top of existing configurations that can already be made (such as rating scale labels,
check-in time, etc). The custom experiments feature presents the user with an unprecedented
amount of freedom in self-experimentation, allowing them to run a vast diversity of potential
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experiments which may not be represented by what is currently being investigated by the
research community.

The freedom presented to users also presents numerous perils that may occur during setup, which
may ultimately lead to poor experimental design. For example, when testing our prototypes, we
found that some users created custom conditions that did not relate well to their stated
experiment goal. To minimize such errors, we streamlined the process using a wizard with
just-in-time guidance at key points during experiment setup (Figure 6(b)), a design strategy that
other self-experimentation systems have found success with [24]. Additionally, the setup wizard
uses color coding to signal connections between decisions that the user makes (Figure 6(a)).
Lastly, we iterated several times on wording to remove statistical jargon in order to improve
accessibility.

User Interface - Operationalization
Once the user sets up the experiment, they are taken to the home screen of the app (Figure 5(a)).
Users are told to check in daily (Figure 4(d)) at a fixed time for the intervention they are tracking
(we chose 8pm as it was most appropriate for our list of experiments). Check-ins are initiated via
notifications sent from the server at the times set by the user. When users tap these notifications,
they are taken to the app where a pop-up dialog presents either a “yes” or “no” adherence
question for the intervention (Figure 5(b)) or a rating scale for the dependent variable's effect
(Figure 5(c)). This data is then sent back to the server. Should a user miss the notification or
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decide to not answer the pop-up at that moment, they can log their data later via action buttons
on the home screen (Figure 5(a)).

As a user continues to use Self-E, their data is displayed on a graph (similar to Figure 5(d)), even
when the user has not tracked for the minimum duration of an experiment. Self-E requires at
least three data points in each condition (e.g. “meditate” vs “don't meditate”) in order to calculate
a result. This length is based on the minimum length required by the single-case experimental
standards [50]. Self-E also applies an “as-treated” analysis, meaning that it only looks at which
condition users actually followed on a given day, rather than whether they adhered to what they
were instructed to do by the app. This type of analysis is recommended when the adherence rates
are low [51]. With the understanding that users will not always consistently check their phones
or go into the app, we elected to prioritize overall adherence over rigidity. This choice
exemplifies the balance we attempted to achieve between experimental rigor and practicality.

User Interface - Experiment Conclusion and Reflection
Results in Self-E include a confidence interval and an effect size. Presenting a confidence
interval rather than p-value has been shown to be more understandable for users not well-versed
in statistics [38]. Past experiment results and data can be viewed in the History tab (Figure 5(d)),
providing further opportunity for user reflection. Once results are attained, users may opt to
continue tracking or to start a new experiment. Based on research that suggests running
iterations of self-experiments is helpful for novices to conduct higher quality
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self-experimentation [23], Self-E allows users to quickly start up a new version of their current
experiment from the home page (Figure 5(a)).

Implementation
The Self-E system is comprised of a backend server built in Python and a mobile client
implemented in Android. User profiles are created upon registration with an email and are stored
in the backend server, and any configurations or data are sent to the server throughout use of the
application. Storing this data in a backend server rather than locally allows for cache-clearing
without fear of losing a user's profile and history. Daily check-ins are sent to users' phones via
the app notifications from the backend service. Notifications are a quick and familiar way to
remind self-experimenters that they are undergoing an experiment, and many clinical trials have
found success with this method of gathering data through mobile devices [36].

METHOD
To evaluate Self-E, we released the app on the Google Play Store and conducted an exploratory
user study from March 1st, 2020 to May 13th, 2020. Additionally, in order to surface issues
specific to the custom experiment setup process, we ran a trial with three different users through
UserTesting, a platform that connects developers with user test participants who are instructed to
provide detailed feedback about their experiences within the app. These two methods of
exploration each provide distinct advantages: user interviews can give us a more detailed
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understanding of user experiences in a structured setting, while releasing the app onto the Play
Store and recruiting participants through consumer channels has the advantage of being able to
study real-world user behavior in a way that is minimally affected by experiment bias [38].

RESULTS
User Feedback on Experiment Customization
Due to the novelty of the custom experiment feature, we sought out detailed user feedback
through the UserTesting platform. Users were instructed to explore the app and then create a
custom experiment to assess the effect of milk on their stomach pain levels. Users would be
recorded on video and screen-captured for the duration of the trial. After completing the task,
users responded to a 4-question written survey about their experiences with Self-E. The task we
assigned to users included a hypothesis that they were willing to test: milk may affect their levels
of stomach pain. As such, these tests give us a picture of how users might translate a formulated
hypothesis into an experimental setup in Self-E, rather than how users might generate hypotheses
on their own.

User 1

User 2

User 3

Condition One

“Drink one glass of milk”

“Drink less than two cups of milk
some days”

“Drink less than two cups of milk”

Condition Two

“Drink no milk”

IV Check-in Time

21:00

“Drink two glasses of milk or more
on some days”
“Drink more than two cups of milk”
20:00

9:00
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DV Check-in
Style & Time(s)

ESM: 9:00AM-20:00PM

Scheduled: 20:00

Scheduled: 11:00

DV Check-in
Frequency

2

1

1

Scale Labels

1=”Pain free”, 3=”Some
pain”, 5=”Gutwrenching
pain”

(default values)
1=”Most optimal” 3=”Neutral”,
5=”Least optimal”

(default values)
1=”Most optimal” 3=”Neutral”,
5=”Least optimal”

7

7

6

Duration

Table 1: Inputs from users during UserTesting trial.
According to the survey responses, none of the users found the process of setting up a custom
experiment in Self-E to be frustrating. One theme that arose from two of the users was the
verbosity of our instructions. One user vocalized that the task presented by the app would not
have been confusing even without the additional guidance, while another user became confused
only once they viewed one of the examples that we provided in hopes of achieving clarity.
Specifically, this user expressed confusion at the similarity between the given example of a bad
pair of conditions (“drink 1 cup of soup” some days and “drink 2 cups of soup” other days) and
the given example of a good pair of conditions (“drink less than 2 cups of soup” and “drink 2 or
more cups of soup”), voicing that they were too similar. The similarity of the examples,
however, was intended to highlight a rather subtle idea: that the two conditions should attempt to
include all possible cases of the IV.

Conversely, one user was suspicious of how simple the setup was. They “[felt] like the setup has
to be a lot more complex than this.” Noting that in order to conduct effective experimentation to
discover dietary triggers, they would need to account for potential confounds, adding: “You have
to write down every single thing you eat. I feel like someone can mess up this experiment by
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eating, drinking, or doing something that they don’t realize affects the experiment. I think if you
want an accurate result, you want to go more specific than this.” This issue is elaborated upon in
the discussion section.

Overall, users indicated that they were likely to recommend the app to a friend or colleague (on a
scale of 1-10 where 1=Not at all likely and 10=Very Likely, two users responded 8 and one
responded 10). One user stated: “I like that they hold your hand and guide you through the whole
process.” Another user, unprompted by any survey question, said that they were “really curious
to see the results of [the] experiment, and it was very easy to follow the steps to set up an
experiment… I would definitely use this app in the future.”

In-The-Wild Evaluation
Self-E was marketed as a “QS-style Self-Experimentation app” categorized under Health and
Fitness. In postings on Reddit and Quantified Self forums, we indicated that Self-E was being
used to conduct a trial by the Brown University HCI Group, and we proposed that Self-E could
help users uncover knowledge to assist in their own lifestyle changes. We also emailed a listserv
of 79 individuals who had previously downloaded SleepCoacher, another Android
self-experimentation app. From these emails, 5 downloaded the app and created accounts with
Self-E (a conversion rate of 6.33%).
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Upon downloading the app, users were asked to sign an informed consent form if they wished to
continue as participants of the study. The protocols for this study and its advertising materials
were reviewed by Brown’s Human Research Protection Program (IRB). Users were not
compensated and were free to use or delete Self-E whenever they wished. Users were also
informed that they could withdraw their data from research purposes even after deleting the app.

At the conclusion of the study, the app has had a cumulative total of 147 unique installs through
the Google Play Store. We limit our analysis to a group of 72 users, which excludes any accounts
created prior to the beginning of the study (March 1st, 2020), any accounts associated with our
research lab or acquaintances of lab members, and any accounts that were created for other
studies about Self-E. Of the 72 users in this exploratory study, 15 successfully used Self-E
(meaning they set up a self-experiment and collected data) for more than one day, indicating a
dropoff rate of 79%. In total, these users conducted 54 days of experimentation. Each user
logged their data for an average of 3.6 days. Notably, we found that out of all users that
downloaded Self-E during this study, none recorded enough data to reach a result. We explore
this further in the discussion.

Motivations for Self-Experimentation
As self-trackers use lifelogging apps to achieve diverse (and often multiple) goals, there may
exist a breadth of reasons for users to be drawn to a tool like Self-E. Motivations for users to
seek out self-experimentation are not as well understood. Previous studies have done surveys to
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gauge what kind of self-experiments would be interesting to users [31], but these surveys were
not done with users who were specifically interested in self-experimentation. User data from
Self-E may begin to help paint a picture of what kinds of goals self-experimentalists in the wild
tend to gravitate toward.

95% of users who started experimenting with Self-E chose a pre-configured experiment from our
list rather than creating a custom experiment. The most commonly selected pre-configured
experiment goal was “Productivity,” (16 users) and the most commonly selected behavioral
intervention was “Meditation” (18 users). “Pain Level” was the least popular pre-configured goal
(2 users), and “Number of Steps” the least popular intervention. 6.3% of users switched
experiment goals throughout their use of the app. Of these users, some switched their experiment
goal to something closely related to their initial one: for example, a user started an experiment to
measure “Productivity” and then later started an experiment to measure “Work Output,”
demonstrating a sense of iterative refinement in this user’s experimental process.

It is worth noting that although some users may approach the app with a specific goal in mind,
others may have selected or created an experiment just for the purpose of trying it out. Thus, true
user preferences may be explored more robustly by examining data across a longer span of time,
which would reveal how user goals shift or stay constant for self-experimentalists.
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Configuration Choices
Across both pre-configured and custom experiments, 42% opted to use ESM or randomized
times for DV data collection (the remainder chose fixed scheduling). We found that users who
used ESM tended to track their DV for more days on average (2 days longer compared to
scheduled sampling). Users who opted for ESM set a check-in window with an average duration
of 11.3 hours, and an average sampling rate of 2.52 times per day. Users chose ESM for
assessing dependent variables such as “Mood,” and scheduled sampling was selected for
experiments that gauge “Sleep Quality.” We saw that “Productivity” and “Energy level” were
assessed by both styles of data collection.

Across all 70 experiments, 88% did not alter the labels of their DV rating scale. Users who opted
to change aspects of the rating scale used only qualitative measures (phrases such as “average,”
“unpleasant,” “can’t focus”), and none used quantitative descriptors. Users may have opted for
only word descriptors for their labels because quantitative thresholds were not explicitly included
in any of the examples, instructions, or pre-configured experiments, so users would have had to
discover that possibility on their own.

All users who had the option to customize duration (an option only available for custom
experiments) opted to diverge from the default 6. The longest duration that a user chose was 21
days, and the shortest 5 days. The average number of days a user spent tracking in a
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pre-configured experiment (3.6 days) was roughly the same as the number of days spent tracking
in a customized experiment (3.7 days).

DISCUSSION
Limitations
This study was conducted in order to investigate how novices behave and interact with a
general-purpose self-experimentation system. As this study was largely exploratory, the primary
limitation we wish to acknowledge is the sample size of the study. Despite this, we want to point
out that voluntary, uncompensated participant data is especially valuable for systems design
research in HCI. As Bernstein et al. articulate, “most systems studies in CHI have to pay
participants to come in and use research software. Any voluntary use is better than many CHI
research systems will see” [5].

Yet still, a sustained marketing effort could produce a larger pool of user data down the line.
General-purpose self-tracking apps and dashboards tend to be more popular with self-tracking
enthusiasts compared to self-tracking novices [8], which may help explain why a
general-purpose self-experimentation app may have a wider chasm to cross in order to appeal to
users in the wild. Further research may find it productive to consider how best to articulate the
value proposition of self-experimentation to a mainstream audience.
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Below we raise points of discussion and implications for future research which emerge from the
results of both the UserTesting trial and the user study.

Onboarding Novice Self-experimentalists
While a substantial churn rate for new users on mobile applications is to be expected, Self-E’s is
higher than average and expresses the need for stronger emphasis on the onboarding process.
Although we designed and iterated with the express intent to make experiment setup and data
collection highly intuitive, we did not test different strategies for onboarding or introducing the
user to potentially unfamiliar concepts. Thus, novice self-experimentalists may find it especially
difficult to orient themselves within such a system if they are not given adequate knowledge to
connect how the different features of Self-E all fit together.

Onboarding processes typically aim to teach the user how to use the app. Due to the (presently)
niche nature of self-experimentation, we propose that a robust onboarding process for a
self-experimentation system should additionally accomplish the following objectives: 1) provide
knowledge (or at least gesture to resources) about self-experimentation and statistical concerns in
general, and 2) encourage the user to reflect on their personal habits so that they can better mold
the app to fit their lives.

We contend that while some users are satisfied with having a strongly guided, opinionated tool at
their disposal, other users treat such streamlining as oversimplifying and suspect, as evidenced
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by one of the UserTesting participants who felt like “the setup has to be a lot more complex than
this.” Thus, giving users the option to receive a more thorough educational onboarding could
address these feelings by clarifying what the system can offer and what the user must take
responsibility for, such as confounding variables, construct validity, etc.

By encouraging self-reflexivity about a user’s habits during onboarding, users may be more
likely to make configuration preferences that work well for them. Notably, setting up a
self-experiment requires a high level of self-awareness on part of the user. Future work in
self-experimentation systems might investigate how to automate the selection of user preferences
so that users can perform less guesswork about their own tendencies. For instance, we envision
an extended, multi-day onboarding process where users only track variables naturalistically.
After that, upon starting an experiment, automated suggestions could be made for check-in
timings, experiment duration, and other settings.

Inspire Lifestyle Optimization
A majority of users on Self-E were drawn toward lifestyle optimization goals, such as
“Productivity” and “Energy Level,” as opposed to the management of health conditions such as
chronic pain. Subsequent research in self-experimentation systems geared toward the mainstream
thus might incorporate a greater variety of experiments that introduce users to creative ways of
optimizing their health and wellness. Drawing inspiration from the biohacking community to
design these experiments may be fruitful, since many such “hacks” are not typically ascribed by
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mainstream health advocates and might therefore be more novel to users. Any such experiments
would be carefully vetted for safety with clinicians, and any requisite disclaimers should be
made prominent to the user.

Examples Impact User Creativity
Despite the wide affordances that Self-E offers, users were less inclined to run a fully customized
experiment, and users mostly limited their choices to ones that they had already seen represented
within the app. For instance, two participants in the UserTesting trial specified conditions that
were closely modeled after the pair of conditions we gave as an example. Similarly, in the user
study, none of the users who changed their rating scale labels used any quantitative descriptors.
This was likely due to the fact that all of the pre-configured experiments or instructional
examples have qualitative measures. Additionally, all experiments with “Mood” used ESM,
presumably influenced by the fact that “Mood” was presented as an example of the kind of
variable that benefits from being measured randomly throughout the day. These examples were
provided to convey conceptual intuitions to users, but had the adverse effect of limiting or
biasing users toward a small subset of possible choices. Although we designed the system for
flexibility and extensibility, further work is needed in order to understand how to encourage
users to think creatively beyond the examples presented.
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Directions for Future Research
In addition to the aforementioned proposals, we would like to highlight several different
directions for future work. Although all of the current self-experimentation systems currently
have an all-consuming focus on the individual, many QS community members spend a
significant portion of their time sharing their data, experiments, and wisdom gained [17]. These
exchanges allow for the proliferation of more rigorous practices and creative interventions, on
top of being social. As such, subsequent work could focus more on the design of a platform on
which n-of-1 experiments and “small data” are shareable, discoverable, and replicable.

Future research may also investigate how Self-E can provide scaffolding for running
Participant-Led Research (PLR) studies or other citizen science projects. As demonstrated by
Grant and Wolf, PLR studies can be more rewarding, more educational, and more efficient for
participants compared to traditional studies [40]. PLR explicitly aims to combine the role of the
researcher and participant, and this goal aligns with the approach taken by Self-E.

Experiment structure in Self-E was designed to be flexible while limiting potential user pitfalls.
Future work ought to investigate how to further extend this flexibility. Allowing users to pick
phase design or specify the length of a phase would accommodate a greater diversity of potential
experiments within the app. Similarly, experimenting with more than two conditions of an IV,
tracking multiple DVs, or running multiple, non-conflicting experiments at the same time would
increase the rate at which users acquire self-knowledge. Although novices tend to run into issues,
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such as tracking fatigue, when running self-experiments, more experienced self-trackers may
have no issue with this and may benefit greatly from this feature. Lastly, integrations with
wearables and tracking devices would introduce a number of high quality, seamless, and
continuous data streams that could bolster a user’s self-experiments.

CONCLUSION
Eric Topol, a cardiologist and prominent digital health expert, contends that the democratization
of health and medicine is one of the most significant impacts of mobile devices [22]. With that
call to action in mind, we present Self-E, a general-purpose self-experimentation system
implemented in Android, which we released to the Google Play store and evaluated using
behavioral data from real users. Self-E was designed to investigate how automated, user-centered
systems can streamline the setup and operationalization of self-experiments and provide
opportunities for reflection, discovery, and behavior change. Inspired by how the benefits of
self-tracking have propagated from the “radical edge” of health hackers and early adopters to the
wider public, we drew insights and best practices from the QS community to tackle the problem
of how to make more accessible the advantages of self-knowledge acquisition. By conducting a
10 week study, we begin to understand the viability of a system that aims to trouble the lines
between investigator/subject and expert/non-expert by offering as much freedom, flexibility, and
agency as possible while maintaining the need for scientific rigor. Our investigation into how to
design usable and robust self-experimentation systems aims to bring closer to fruition a more
participatory, democratized vision of health and science.
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