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Abstract

The rise of affordable sensors and apps has enabled people to monitor various health
indicators via self-tracking. This trend encourages self-experimentation, a subset of
self-tracking in which a person systematically explores potential causal relationships to
try to answer questions about their health. Although recent research has investigated
how to support the data collection necessary for self-experiments, less research
has considered the best way to analyze data resulting from these self-experiments. Most
tools default to using traditional frequentist methods. However, the US Agency for
Healthcare Research and Quality recommends using Bayesian analysis for n-of-1
studies, arguing from a statistical perspective. To develop a complementary patient-
centered perspective on the potential benefits of Bayesian analysis, this paper describes
types of questions people want to answer via self-experimentation, as informed
by (1) our experiences engaging with irritable bowel syndrome patients and their
healthcare providers and (2) a survey investigating what questions individuals
want to answer about their health and wellness. We provide examples of how
those questions might be answered using (1) frequentist null hypothesis signifi-
cance testing, (2) frequentist estimation, and (3) Bayesian estimation and predic-
tion. We then provide design recommendations for analyses and visualizations
that could help people answer and interpret such questions. We find the majority
of the questions people want to answer with self-experimentation data are better
answered with Bayesian methods than with frequentist methods. Our results
therefore provide patient-centered support for the use of Bayesian analysis for
n-of-1 studies.
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1 Introduction

Chronic diseases are the leading cause of sickness, disability, and death worldwide,
contributing to 43% of the global burden of disease in 2014 [1]. Technology plays a
vital role for patients with chronic conditions, as it allows them to monitor their health
markers not just in clinics, but also at home, enabling ongoing self-management of
health conditions (e.g., [2]). Another consequence of the rise of such health tracking
technology is the newfound abundance of data in the hands of the patients, allowing
them to investigate the impact of different factors on their condition (e.g., by how much
eating a donut affects their blood sugar levels 2 hours later) [3, 4]. The goals of these
self-experiments are often similar those of n-of-1 clinical studies conducted in medicine
[5]. However, although self-trackers often want to perform self-experiments to answer
questions they have about their health [6], they frequently struggle to design, follow,
and interpret scientifically rigorous self-experiments. Choe et al. highlighted three
common pitfalls self-trackers often face when trying to answer specific questions about
their health: (1) tracking too many variables, (2) not tracking the appropriate triggers
and context relevant to their condition, and (3) lacking scientific rigor in data collection
and analysis [6].

As more people use sensors and tools to self-track with the goal of taking greater
control of their health, a growing number of self-trackers will need better support for
self-experimentation. Recent work has examined how to help people avoid pitfalls
concerning what they should track and when they should track it by introducing tools
that support self-experiments in common self-tracking domains [7-9]. However, more
work is needed to examine methods for effective analysis of self-experimentation data.
Specifically, many self-experimentation tools rely on frequentist methods in their
analyses without considering or supporting other kinds of analyses that may be
better-suited to the data, easier for patients to interpret, or more relevant to the questions
they are trying to answer.

Guidelines provided by the Agency for Healthcare Research and Quality (AHRQ)
recommend Bayesian statistics as a more suitable approach for n-of-1 analysis than
frequentist analysis [10], arguing largely from a statistical perspective (e.g., evidence
from the population can be combined with evidence from a self-experiment to improve
individual estimates using Bayesian methods). Others have argued that Bayesian
estimation is more appropriate in small-sample settings where frequentist null hypoth-
esis significance testing (NHST) tends to be unreliable [11-13]. As the dominant
methodology in many fields, however, designers and researchers often naturally turn
to NHST to analyze data.

This research aims to complement the prior statistical perspectives on the possible
benefits of Bayesian analysis. We take a patient-centered approach to investigate how
different statistical paradigms can support people in using self-experimentation to
answer various types of health-related questions they may have. We examine the
following research questions: (1) what questions do a lay audience want to answer with
their self-experiments? and (2) given a self-experiment, rigorously designed for causal
inference, how can designers determine and communicate experimental results to that
audience to best answer those questions? Although these questions may have implica-
tions for communication of results of correlational analyses common in the broader class
of self-tracking tools, we restrict our current scope to self-experimentation.
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Drawing upon prior studies, we conducted with patients with irritable bowel syn-
drome (IBS) and their healthcare providers [9, 14], we identified questions patients
wish to answer via self-experimentation. We then surveyed 78 people, asking them
about the kinds of questions they would like to answer in a self-experiment. People
want to answer a wide variety of questions, including some that can be answered by
frequentist methods and many that cannot. Finally, we describe analyses of simulated
self-experimentation data using frequentist NHST, frequentist estimation, and Bayesian
estimation and prediction to compare their ability to answer several different types of
questions that people might have about their self-experimentation data.

2 Background and Related Work

We first present related work in self-tracking, an active area of research in medicine,
human-computer interaction, and other communities. We then present related work in
self-experimentation, an increasingly popular subset of self-tracking, highlighting its
specific nuances and additional requirements as compared to self-tracking more broad-
ly. Finally, we introduce irritable bowel syndrome (IBS) to provide background on the
domain in which we present our example analyses and in which our prior work in self-
experimentation has been grounded.

2.1 Self-Tracking and Health

Self-tracking is an increasingly common practice of recording and reflecting on
information about one’s activities, context, and/or outcomes. Self-tracking tools, in-
cluding self-monitoring applications, can help people understand their habits and
behaviors [15]. Given the growing popularity of self-tracking, research has examined
how to better design technologies to support these practices. For example, frameworks
like the stage-based model for personal informatics [15] and the lived informatics
model [16] describe how individuals engage with personal data, including the processes
they follow and their motivations for self-tracking. Although both models emphasize
the importance of reflecting on self-tracked data and acting upon it, they do not discuss
how to analyze and interpret self-tracking data to support such reflection and action.
Similarly, although the sense-making framework [17] takes into account the patient’s
perspective on self-tracking and provides insights into the motivations and needs of
patients self-tracking for chronic care, it does not discuss how the collected data should
be analyzed.

Different people track data about themselves for different reasons (e.g., to help track
a target or a goal, for documentary purposes with no clear intention of using the data, to
answer questions about themselves) [18]. People who self-track to answer specific
questions about their health often endeavor to use data as a means to manage a
condition, find triggers, or identify relationships pertaining to their health or other
aspects of life [6]. Patients with various chronic conditions (e.g., diabetes, irritable
bowel syndrome, migraine) often track related data (e.g., glucose, bowel movements,
migraine symptoms) using various devices and apps [4, 19-22]. Self-tracking data is
increasingly seen as an important contributor to improvements in both medical care and
self-management [4].
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Existing devices and apps in health-related domains, such as physical fitness (e.g.,
[23-28]), sleep (e.g., [24, 26, 29]), diet (e.g., [21, 30, 31]), smoking (e.g., [32]), and
stress (e.g., [33]), often focus on supporting a high-level health goal (e.g., staying
healthy, sleeping better). Tools designed to support such health goals often fail to help
people answer specific questions they might have regarding their health or other aspects
of their lives. These tools generally support reviewing collected data over time or
performing simple correlational analyses, which are often insufficient to answer spe-
cific questions people have about relationships between variables.

2.2 Self-Experimentation

Self-experimentation is a subset of self-tracking that aims to help self-trackers more
rigorously investigate the questions they have about their health. Where self-tracking is
a broad, well-established practice that encompasses myriad goals, self-experimentation
is a method to support self-trackers as they work to test causal relationships, rather than
just observe correlations. Self-experiments are n-of-1 experiments in which an individ-
ual is their own control, highlighting that individual’s response to an intervention rather
than an average of many responses. Understanding individual variation and treating
individual needs (i.e., personalized medicine [34]) is important in medicine and clinical
science. Although personalized medicine historically emphasized genetics and phar-
macology, the term is increasingly applied to other areas of health and disease [35],
emphasizing the importance of personalized health.

Self-tracking methods that do not involve self-experimentation can identify correla-
tions between variables and may help inform a self-experiment that can rigorously
assess causation. Importantly, an experience-sampling study that asks someone to
record several variables over the course of time, with no control, is self-tracking but
not a self-experiment. By contrast, in a self-experiment, an individual varies one or
more factors in a controlled manner, with the intent of making causal inferences about
the effect of those factors [36, 37]. Medicine has long used single-case designs to
determine the relationship between individualized causes and symptoms or to deter-
mine the best treatment for an individual patient [5, 38—40]. Both mobile health
(mHealth) and human—computer interaction researchers have recently noted the poten-
tial for technology to support individuals in conducting and analyzing self-experiments
[8], independently or in collaboration with health providers [41].

The framework for self-experimentation in personalized health [8] provides a model
for self-experimentation and provides guidelines for designing platforms to run valid
self-experiments. Recently, researchers have developed various platforms to support
self-experimentation across a range of domains. The personal analytics companion
(PACO) helps people experiment with behavior change techniques [42], SleepCoacher
identifies connections between potential sleep disruptors and sleep quality [7], Trialist
helps patients and clinicians collaborate to find correct medication dosing for chronic
pain [43], and TummyTrials helps IBS patients run n-of-1 experiments to determine if a
specific food was a trigger for their symptoms [9]. However, nearly all these platforms
use a different method for analyzing the self-experiment data, and most of those
methods involve a frequentist analysis. Prior work examining n-of-1 studies has
conjectured that Bayesian statistics may be beneficial in at least three ways. First,
Bayesian statistics could reduce tracking fatigue by using multi-armed bandits, which
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allow sampling from fewer treatments by dynamically taking more samples from those
treatments which are most likely to be the best [44]. Second, Bayesian statistics may
help people better understand the data and make decisions based upon it [44, 45].
Third, because corrections for multiple tests are usually unnecessary in Bayesian
estimation,! outcomes can be measured in real time, rather than waiting for “enough”
data [46, 47]. However, to date, research has not systematically investigated the
questions people want to answer with self-tracking data and which types of analyses
are best-suited to provide those answers.

2.3 Irritable Bowel Syndrome

We present examples of self-experimentation data analyses within the domain of
irritable bowel syndrome (IBS). IBS is a chronic functional disorder characterized by
episodic abdominal pain with diarrhea and/or constipation despite normal blood tests,
X-rays, and colonoscopies. IBS affects 20% of the US population and is one of the top
10 reason people seek primary care [48, 49]. People with IBS report a lower quality of
life and consume 50% more healthcare resources than non-IBS counterparts [50, 51].
IBS symptoms can be triggered by a range of potential factors, including certain foods,
eating behaviors, stress, sleep disturbances, and menstruation, with foods as the most
common trigger [52, 53]. However, specific food triggers vary across individuals
[54-56]. Systematic identification of each patient’s triggers traditionally involves an
onerous, multiple-month elimination diet, in which a patient eliminates most foods and
then slowly reintroduces them [57]. Instead of going through such a burdensome and
unpleasant process, people with IBS often choose to track foods and symptoms to
attempt to determine their specific triggers [58]. However, identifying triggers from
food and symptom journals is difficult and error-prone [59], often lacking rigor in
tracking design and analysis [60]. IBS is therefore a useful domain for understanding
the potential for self-experimentation, as a 2-week self-experiment on a single possible
food trigger is likely to be less burdensome than an elimination diet, but more rigorous
than correlational self-tracking. In addition, because severe IBS symptoms usually
occur within 4 hours of consuming a triggering nutrient [61], experiments can be
designed to explicitly account for the dynamics of symptom occurrence after a given
behavior (e.g., by having people avoid eating anything other than the experimental
meal within the 4-h window and report symptoms after the window).

In this paper, we take a bottom-up approach to investigate the following: (1) what
types of questions do people want to answer using self-experimentation data? and
(2) given a self-experiment, rigorously designed for causal inference, how can
designers and developers best analyze and communicate those results so that a lay
audience to best answer those questions? In particular, we compare how effectively the
questions identified in (1) can be answered by frequentist NHST, frequentist estimation,
or Bayesian estimation and prediction. To provide a specific example, we use a self-
experiment performed to examine an individual’s IBS symptoms and triggers, but the
designs we present could apply to many different types of questions people might want
to answer about their health using self-experimentation data.

" So long as one makes use of informed priors (as we advocate here) and/or applies a hierarchical
modeling approach.
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3 Questions that Self-Experimenters Want to Answer

To determine what types of questions people want to answer through self-experimen-
tation, we first re-examined qualitative data from two previous studies to identify
different types of questions participants want to answer with data related to their
condition. We then surveyed 78 people to more closely examine the types of questions
a more general population would want to answer with data from a self-experiment.

3.1 Qualitative Analysis of Prior Studies

Two of our prior studies drew our attention to a disconnect between the questions that
NHST can answer and the questions that people want to answer with their data. The
first study involved 10 patients with IBS and 10 providers collaboratively interpreting
interactive visualizations of the patient’s food and symptom data to help generate
hypotheses about which foods may trigger the patient’s symptoms [14]. The second
study consisted of 15 people with IBS rigorously testing their hypotheses with the
assistance of a phone app that had been developed to support people through a low-
burden self-experiment [9]. Both studies involved frequentist analyses performed to
help people identify triggers. Only during the interviews did we discover a disconnect
between the question those analyses could answer and the questions participants
wanted to answer to improve their health and quality of life.

Specifically, participants in those studies wanted more detailed understandings of the
relationship between potential triggers and symptoms than could be supported by the
analyses we had conducted. For our current research, we re-analyzed interview data
from these two studies to identify questions participants sought to answer. The inter-
views include both people with IBS and health providers. We refer to quotes from the
first study as “sl-patient” and “s1-provider” and from the second study as “s2-patient.”

3.1.1 By How Much Do My Symptoms Change When | Consume the Nutrient?

When informed that a nutrient was correlated with a change in symptoms, patients
often wanted to know the quantity of that symptom change. As one patient put it,
“When you say improving, how much improvement?” (s1-patient 9). People wanted to
quantify the difference a nutrient made in their symptoms instead of just learning that a
difference existed. Having a detailed understanding of how a nutrient affects symptoms
could help people perform cost/benefit analyses to decide whether they want to
consume the nutrient. One participant explained how she thought about that tradeoft:
“is being more awake worth potentially having stomachache? Which matters more to
me at this particular moment?” (s2-patient 8). Such a decision would be easier if people
could quantify how a trigger affected a symptom.

Health providers were particularly interested in quantifying differences because it
influenced the advice they might give. If the difference in symptoms between having
and avoiding the nutrient was low, they did not feel the need to recommend the patient
avoid the trigger, despite a significant p value. When examining a nutrient that had been
found significant, one provider explained, “I bet it’s correlated, but clinically, it doesn’t
make any difference. That’s what my interpretation is” (sl-provider 4). Similarly, a
second provider proclaimed, “I know there was significance statistically, but based on
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this it’s hard to say that fat has a strong association one way or the other. It seems like
the symptoms and the amount of fat are all over the place,” later commenting, “even if
the data is saying it’s significant, if it’s not helpful in the real-world then what good is
it?” (sl-provider 6). Despite the statistical significance, the low magnitude and high
variance of the effect of the nutrient lead the provider to consider its clinical signifi-
cance limited.

3.1.2 How Much of the Nutrient Is Associated with Increased or Decreased Symptoms?

Patients and providers also wanted to understand how much of the trigger the patient
could eat before they saw an impact on their symptoms. For example, one patient
wanted to know what specific amount of caffeine would help her avoid symptoms,
saying she wished the analyses showed “not just that having caffeine improved it, but
having a moderate amount of caffeine or one cup of it, however you convey that [...]
Like fiber, maybe having zero fiber is not as good as having five grams of fiber per
meal. Maybe ‘target five grams’ is different than ‘have more’” (s1-patient 8). Another
participant described how she would like to know if she could have any of the nutrient
without experiencing symptoms: “if there is a threshold, I would say, ‘I would just stay
beneath the threshold and not be the weird person who has to drink decaf”” (s2-patient
8). Providers also wanted to understand how much of the nutrient was associated with
changed symptoms because they did not want to advise patients to eat more of a
nutrient than was practical. Once provider said that “ideally, we would [...] quantify it a
little bit more to say moderate caffeine associated with no symptoms,” because she
believed “at higher levels of caffeine, [the patient is] just going to have diarrhea” (s1-
provider 8). Simply indicating that a nutrient improved a symptom was not nuanced
enough for her to give clinical advice with which she was comfortable.

3.2 Survey Method

Although our qualitative data gave us a sense of the types of questions people with IBS
and their providers wanted to answer, we wanted to investigate whether people in a
more general population would have similar types of questions about their own health.
We therefore developed a list of nine question types we expected people might want to
use self-experimentation to answer (Table 1).

The nine questions were developed to cover a wide range of effects to be relevant for
a wide variety of dependent variables (DV) and independent variables (IV). Q1 and Q2
are typical hypothesis testing types of questions. Q1 focuses on any effect between the
IV and DV, and Q2 narrows that down to a noticeable effect. Q3 (interaction effect)
focuses on scenarios in which there are multiple IVs affecting DV. Q4 focuses on a
temporal effect. Q5 focuses on a threshold for an effect and Q6 focuses on a varying
effect; both could be considered a precursor to a cost-benefit analysis, by helping a self-
experimenter trade off how much of something they want against the symptoms they
should expect. Q7-Q9 focus on predictive variations of the previous questions ac-
counting for different relationships between the IV and DV (prediction under avoidance
of the IV, normal exposure to the IV, or excess exposure to the IV).

The survey asked participants to name an aspect of their life they wanted to examine
(i.e., a dependent variable) and something they thought affected that aspect of their life
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Table 1 Types of questions we expected a self-experimenter might wish to ask, with short-form names. The
values of [independent variable] and [dependent variable] were populated dynamically in the survey for each
respondent based on some aspect of their life they stated they wanted to examine

Question Short-form name
Q1: Does [independent variable] have any effect on my [dependent variable]? Any effect
Q2: Does [independent variable] have a noticeable impact on my Noticeable effect

[dependent variable]?

Q3: Do different things in combination with [independent variable] affect the Interaction effect
change in [dependent variable]?

Q4: How does [independent variable] affect my [dependent variable] differently Temporal effect
depending on the time of day?

Q5: How much [independent variable] is needed to see an impact on my Threshold for effect
[dependent variable]?

Q6: By how much does my [dependent variable] change with different amounts Varying effect
of [independent variable]?

Q7: What will my [dependent variable] be like in the future if I avoid Avoidance prediction
[independent variable]?

Q8: What will my [dependent variable] be like in the future after my normal Normal prediction
amount of [independent variable]?

Q9: What will my [dependent variable] be like in the future after more than Excess prediction
my normal amount of [independent variable]?

(i.e., an independent variable). To avoid biasing participants with our own question list,
we asked participants to write what question they would be most interested in answer-
ing with those two variables before showing them our list. We then asked them to rate
how useful they thought the answers to the nine questions we had developed
would be for them on a 7-point Likert item from “very useless” to “very
useful”. For each question rated somewhat useful, useful, or very useful, we
asked how long they would be willing to self-track to answer that question. We
recruited through social media, university mailing lists, and posts to the Quantified
Self Facebook group.

3.3 Data Analysis

We received 78 responses to the survey (49 female, 27 male, 2 preferred not to say).
Participant ages ranged from 20 to 64 (mean = 34). Participants wanted to investigate a
wide range of dependent and independent variables, including chronic illnesses, chron-
ic pain, stress and anxiety, diet, sleep, and fitness and weight loss.

We used Bayesian regression to analyze usefulness ratings (Fig. 1a), the number of
days people were willing to track to answer a question (Fig. 1b), the proportion of
participants willing to track indefinitely (Fig. 2a), and the proportion of people saying
they already know the answer to a question (Fig. 2b). For each outcome variable, we fit
a generalized linear mixed model, with participant and question as random intercepts
(i.e., we employed partial pooling to regularize estimates, which helps avoid overfitting
and makes our estimates of differences between conditions conservative). The model
for each outcome variable differed only in terms of the assumed response distribution.
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any effect [q1]

O e ® e —
noticeable effect [q2] -O= O
interaction effect [q3] -O= O
temporal effect [q4] O [ Sa—
threshold for effect [q5] -O= 0
varying effect [q6] -O= 0
avoidance prediction [q7] -O-
normal prediction [q8] -O= -
excess prediction [q9] -0
very ulsele:ss Ineultrall véry Lljseful O 2I5 5I0 7I5 1(I)O 260 460 860
linear scale log scale

b Days participant is willing to
track to answer the question
(if they found it useful)

b Usefulness of question
on 7-point Likert item

Fig. 1 Data (light gray) and population-level estimates (with 66 and 95% quantile credible intervals) from the
survey. One data point is omitted from the plots (tracking days =730 for QS5: threshold for effect) for space

For example, because we asked about usefi/ness on a 7-point Likert scale, we analyzed
usefilness by modeling responses as coming from a latent conditional normal distri-
bution rounded to the nearest value in {0,1,2,3,4,5,6} (using an interval-censored
normal response model). We analyzed days using a negative binomial regression
(appropriate for a count outcome variable), and already knows and tracks indefinitely
using logistic regression (appropriate for a binary outcome variable). We marginalized
out (i.e., averaged over) participant effects to report population-level estimates of the
mean number of days (or proportions). Due to the use of random effects, these
estimates will not exactly match the means or proportions of the survey data itself.

any effect [q1] O — O —

noticeable effect [q2] —O—— —O—
interaction effect [q3] O — —EO—
temporal effect [q4] ———O— —_Om—

threshold for effect [q5] ——— —O—

varying effect [q6] O — —O—

avoidance prediction [q7] —O—— O ——

normal prediction [q8] e ® ] O —

excess prediction [q9] —O—— —EOm—

——
0% 10% 20% 30%

a Proportion of participants
who found question useful and

would track indefinitely

——
0% 10% 20% 30% 40%

b Proportion of participants who
found question useful and say
they know the answer already

Fig. 2 Data (light gray) and posterior estimates (with 66 and 95% quantile credible intervals) from the survey

@ Springer



Journal of Healthcare Informatics Research (2019) 3:124-155 133

To analyze the qualitative results, two researchers coded the independent and
dependent variables that participants said they wanted to investigate and the specific
questions they said they were most interested in answering in a free-response text box
at the start of the survey (Fig. 1). Any differences were resolved between the two
researchers.

3.4 Survey Results

In general, participants rated the nine question types as approximately equally useful
(Fig. 1a). They also indicated a willingness to spend approximately the same amount of
time self-tracking to answer all nine questions (Fig. 1b).

About an equal number of people were also willing to track indefinitely for each
question (Fig. 2a). However, the proportion of people who indicated that they already
knew the answer to a question, given that they would find the answer useful, differs
considerably between some questions (Fig. 2b).

In particular, Q1 (any effect) and Q2 (noticeable effect) were considerably more
likely to be rated “already known” than any other question, and Q3 (interaction effect),
Q4 (temporal effect), Q6 (varying effect), and Q9 (excess prediction) were least likely
to be “already known” (Fig. 2b). Considering “least likely to be known” (low values on
Fig. 2b) and “most likely to be useful” (high values on Fig. 1a) together, it would seem
that Q3 (interaction effect) and Q6 (varying effect) might be particularly valuable
questions to be able to answer.

When asked what question they would most like to answer with the variables they
specified before viewing our question list, 41 participants specified questions that did
not match the nine questions we developed. The majority of these miscellaneous
questions (40/41) were not testable questions: they either expressed the need for more
general information (e.g., P16 asked “What constitutes exercise?”’), the need to form a
hypothesis about the dependent variable, or the desire to self-track without performing
an experiment. Of the questions that did fit our question types, those similar to Q2
(noticeable effect) and Q6 (varying effect) had the highest number of occurrences
among these unprompted questions (Fig. 3).

any effect [q1] 4
noticeable effect [g2] 1
interaction effect [q3]

temporal effect [q4] 1
threshold for effect [q5] 1
varying effect [q6]
avoidance prediction [q7]

normal prediction [q8] 1

excess prediction [q9]
0 5 10 15

Fig. 3 Survey participants (n = 78) were asked to write a question to which they would be most interested in finding
an answer. This graph shows the categorization of those questions into the nine survey template questions. Forty
participants proposed questions which were not testable using an experiment (e.g., P43 wrote “what kinds of foods
are safe to eat?”). One participant proposed a question that did not fall in any of our nine template questions
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After we had determined the types of questions people would like to answer
with self-experimentation data, we wanted to examine how different types of
analyses could support answering those questions. Below, we describe
frequentist and Bayesian analyses, then present example analyses that illustrate
how those analyses address or fail to address the types of questions our survey
participants want to ask.

4 Frequentist vs Bayesian Analyses of Self-Experimentation Data

In this section, we describe different statistical methods people might consider when
analyzing data from a self-experiment to answer the questions they want to explore. To
anchor our discussion on statistical methods, we consider a hypothetical self-
experiment examining the effect of caffeine on IBS symptoms.

Scenario: Imagine a mobile app, such as that described by Karkar et al. [8, 9], which
uses a single-subject fully randomized alternating treatment experimental design. The
app randomly assigns a person to drink or not drink caffeine on each day then measures
abdominal pain on a self-reported scale from 0 to 6. Thus, our predictor is caffeine
consumption and our outcome is abdominal pain. Our hypothetical person might record
2 weeks of data, or 14 data points: 7 days on which they drank caffeine and 7 days on
which they did not. We explore how such data may be analyzed to answer the nine
different types of questions from our survey (Table 1) using frequentist NHST,
frequentist estimation, and Bayesian analysis. For each approach, we review
questions that can be answered with the approach, problems the approach
introduces, and questions the approach cannot answer. Some question types
described in the survey require more data than is collected in this scenario:
the ability to help people understand interacting factors (i.e., Q3 (interaction
effect)), differences based on time of day (i.e., Q4 (temporal effect)), or
differences depending on the amount of the tested trigger (i.e., Q5 (threshold
for effect)) all require more information than is collected in this proposed self-
experiment design. We discuss these question types in Sect. 6.2.

4.1 Frequentist NHST

NHST performs binary inference: is there an effect of caffeine consumption on stomach
pain? Is caffeine a trigger? These hypothesis testing questions best match Q1 (any effect)
from our survey.

4.1.1 Answerable Questions with Frequentist NHST

Under frequentist NHST, we cannot directly produce evidence for caffeine being a
trigger (e.g., P(caffeine is a trigger| data)). Instead, we must consider the null hypoth-
esis: that caffeine is not a trigger. For example, assume we saw a mean increase of 2
points on the abdominal pain scale when drinking caffeine. We could ask: assuming
caffeine is not a trigger, what is the probability we would see an increase in abdominal
pain of 2 or more points when drinking caffeine (e.g., P(data|caffeine
is not a trigger))? The answer to this question is a p value. If this p value is low, the
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reasoning goes, we should be skeptical that caffeine consumption does not have an
effect (i.e., that the null hypothesis is true). Typically, “low” is defined by some cutoff,
such as p <0.05, below which we reject the null hypothesis and declare that caffeine is
a trigger.” Frequentist NHST therefore can provide an answer to Q1 (any effect) from
our survey.

4.1.2 Limitations with Frequentist NHST for n-of-1 Studies

Although the prospect of definitively answering this binary question using a short self-
experiment is attractive, numerous practical issues arise. First and foremost, binary
inference is noisy in small samples [11, 12, 62]. Unless caffeine is so strong a trigger
that we can expect it to reliably increase pain every single time we drink it—and the
measurement error in our pain scale is very low—our short experiment with only a few
samples per condition has a high probability of failing to detect that caffeine is trigger.
If caffeine consumption happens by chance to have no strong effect on abdominal pain
on even | or 2 days out of the seven that the self-experimenter drinks it, we would be
unlikely to detect the effect. If the experiment does detect that caffeine is trigger, the
effect size (e.g., mean increase in pain) will likely be overestimated. Often in small
studies an effect must be an overestimate to have been declared statistically significant;
this is called a magnitude error [12]. With such a small sample, a sign error is also
reasonably likely: the self-experimenter could have an unusually good set of days with
caffeine, and on days without caffeine could have high abdominal pain due to a
confounding factor (e.g., stress). In such a case, NHST might lead them to conclude
that caffeine consumption decreases their symptoms even though it actually increases
their symptoms. Studies with <10% power (i.e., <10% chance that the study will
detect a present effect) have sign error rates from ~ 10 to 50% [10].

Traditional scientific fields solve this problem in one of two ways: (1) ensure studies
have high power (a sample size large enough to reliably detect an effect of the size we
care about) and (2) run many studies and combine their estimates in a meta-analysis.
Neither approach seems feasible in self-experimentation. The first option is infeasible
because extending the self-experiment defeats the goal of conducting a low-burden,
short-term experiment. Similarly, because IBS triggers are personalized, having more
participants collect data to build a population-wide understanding is also not a viable
option.

In addition to being noisy in small samples, p values are not in the language of
outcomes: as the American Statistical Association (ASA) explains, p values do not
directly translate onto the magnitude of the effect [63]. p values therefore also do not
facilitate cost-benefit analysis (e.g., Q6 (varying effect) in our survey). As the partic-
ipants in our previous studies remarked (see Sect. 3.1), cost-benefit analysis can be
critical to self-experimenters. Even knowing that caffeine is a trigger, the self-
experimenter might want to decide if it is likely to be a large enough trigger for them
to want to change their behavior. In other words, they might also want to consider the
effect size and its uncertainty: perhaps the effect is present but mostly likely small, so

2 The widespread use of this null ritual in scientific fields is not without criticism [78]. Most pointedly,
Gigerenzer went so far as to declare it a symptom of “mindless statistics” [69]. We will describe why we believe
it is not applicable to small self-experiments but leave aside the question of its broader applicability to science.
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sometimes they might decide to drink caffeine anyway. To be empowered to make
effective decisions, the self-experimenter needs a more nuanced understanding of
caffeine’s effects. The ASA notes, “Scientific conclusions and business or policy
decisions should not be based only on whether a p-value passes a specific threshold.”
[63]. We believe the same is true for individual decisions about health.

Another limitation of frequentist NHST is that people often misunderstand the
difference between failing to reject the null hypothesis, which is what happens if the
p value is not below the specified threshold, and accepting the null hypothesis, which
requires a different test [64]. For example, if someone performs a self-experiment to
investigate whether caffeine causes their abdominal pain, analyzes the resulting data
using frequentist NHST, and finds a p value above 0.5, they cannot conclude that
caffeine does not cause their abdominal pain. They can only conclude that the
experiment failed to provide evidence that caffeine causes their abdominal pain.

4.2 Frequentist Estimation

Other questions that people were interested in answering (e.g., questions involving
quantifying relationships between the trigger and the symptom, such as Q5 (threshold
for effect) and Q6 (varying effect) in our survey) might be addressed using frequentist
estimation. For example, one could perform a regression to estimate the mean differ-
ence in self-reported pain when consuming caffeine compared to when avoiding
caffeine.* However, that mean difference fails to convey any sense of uncertainty:
although it gives an average effect size, it does not communicate how large or small the
effect size could reasonably be. Confidence intervals are a frequentist procedure often
used to try to address this question.

4.2.1 Answerable Questions with Frequentist Estimation

Frequentist confidence intervals can be defined in terms of a confidence procedure. A
confidence procedure is a procedure that can be used to create a confidence interval for
a parameter (e.g., a mean) in a given sample. An X% (e.g., 95%) confidence procedure
is a procedure that, when used to construct confidence intervals in repeated samples,
will generate a set of confidence intervals such that X% (e.g., 95%) of those intervals
contain the true value of the parameter [65]. This idea is also called coverage: X% (e.g.,
95%) of the confidence intervals cover the true parameter. Frequentist estimation is
therefore well-suited to error control: if we have a problem in which we do not care
about the particular value of the parameter in any one sample, but want to guarantee
that over all of our samples we correctly estimate an interval containing the parameter
X% (e.g., 95%) of the time, confidence intervals are well-suited to this task. This
property makes confidence intervals applicable to industrial applications (e.g., where
samples may be batches in a manufacturing process and it is desirable to ensure that
estimates of properties of those batches are wrong only 1-X% (e.g., 5%) of the time).

? Readers familiar with standardized effect sizes (like Cohen’s d) might ask why we do not use them here. Like
Cummings [79], we believe that unstandardized effect sizes (e.g., mean differences) are easier to interpret,
particularly for individual decision-making (a person should know what one point on a pain scale that they
have used means to them; they are less likely to know what a difference of 1 standard deviation means).
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4.2.2 Limitations with Frequentist Estimation

Although these long-run characteristics of confidence intervals (i.e., characteristics that
describe sets of confidence intervals from repeated trials, rather than any one particular
trial) make them useful in processes where many samples are observed over time,
confidence intervals are less useful for making inferences about any particular sample.
As Morey et al. commented [65], confidence intervals are more about pre-data error
control than post-data inference about the sample at hand. A given X% confidence interval
cannot be said to contain the true parameter with an X% ““probability,” “plausibility,” or
even “confidence”™—such a statement would be a post-data inference about a particular
interval and not a statement about the set of intervals generated by the procedure [65, 66].

We might dismiss this misinterpretation of confidence intervals as a statistician’s
quibble. However, even if we do dismiss it and interpret confidence intervals as
statements of the likely location of the mean, confidence intervals are often very large
in small studies, diminishing their usefulness. For example, a self-experimenter might
estimate a 95% confidence interval that coffee increases their abdominal pain between
0 and 4 points on a 6-point scale, which is unlikely to help them make decisions. In the
frequentist setting, to narrow that interval, the self-experimenter would have to perform
a larger experiment—otherwise, more precise quantification of the relationships be-
tween the trigger and symptom is impossible with frequentist methods.

4.3 Bayesian Estimation and Prediction

The issue with confidence intervals described above stems from the fact they are
derived from the probability of seeing the data at hand given a possible mean difference
(in our example, this probability would be denoted as P(data| mean increase in pain);
this is called the likelihood) [46]. However, what we want to estimate and communicate
(and how confidence intervals are often misinterpreted) is the probability the mean
increase in pain is a particular value given the data we have observed (e.g., P(mean
increase in pain| data)). For example, what is the chance that the mean increase in pain
on days when a participant consumes coffee is 1 or more points on their pain scale?
What is the chance that increase is 2 or more points?

4.3.1 Answerable Questions with Bayesian Estimation and Prediction

Bayesian analysis allows us to derive probability statements like that described above,
as long as we also have a prior (i.e., a probability distribution that describes our
knowledge of plausible values of the parameter before running the experiment). In this
example, the prior would be P(mean increase in pain), a probability distribution
describing plausible values of the mean increase in pain before running the experiment.
We can then derive the probability distribution for the mean difference in pain after
observing the data in the experiment, called the posterior, using Bayes’ rule:

P(mean increase in pain|data)«P(data|mean increase in pain)
- P(mean increase in pain)

(More generally : posterior«likelihood - prior)
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Incorporating prior knowledge into an individual’s self-experimentation model allows
the model to start with a reasonable set of assumptions, rather than assuming
each mean increase is equally probable a priori. In small-n experiments, doing
so reduces estimation error [13]. Making use of prior knowledge is especially
attractive in a domain like health, where population data (such as the proportion
of IBS sufferers for whom caffeine is a trigger, or how strong a trigger it tends
to be) might be available to form effective prior knowledge. Combining prior
population-level estimates with data from a small self-experiment could help
people make more effective use of their individual data, while also allowing
people to interpret results as probabilistic statements.

For example, using the posterior, we can calculate a 95% credible interval, which
unlike a 95% confidence interval, is an interval containing the parameter with 95%
probability, conditional on the prior and the data [65]. We can also answer other
probabilistic questions. For example, we can answer “what is the probability the mean
pain increase is at least X?” and “What is the most likely value of the mean pain
increase?” (i.e., Q6 (varying effect)). In addition, given a full Bayesian model, we can
use posteriors to make probabilistic predictions: statements about new observations
instead of just means. We do this by constructing a posterior predictive distribution
[67], which is the predicted distribution of new responses, marginalizing over (“aver-
aging out”) the posterior distribution of the parameters in the model (e.g., averaging
over the estimated mean and standard deviation of increase in pain). In this example,
the posterior predictive distribution accounts for our uncertainty in the mean and
standard deviation of the increase in pain, and for the uncertainty inherent in
taking a new observation given the estimated mean and standard deviation, to give
us P(increase in pain in one new observation| data). We can then answer “what is
the probability of experiencing abdominal pain of 4 points or more if I drink
caffeine today?” (i.e., Q7 (avoidance prediction), Q8 (normal prediction), and
QO (excess prediction) from our survey). Such predictions facilitate cost/benefit
analyses because the self-experimenter can decide whether having caffeine is
worth the risk of extra pain.

Finally, if the self-experimenter is looking to answer binary inference questions (i.e.,
QL1 (any effect) and Q2 (noticeable effect)), they can still do so. One could define a
trigger as a food that causes a mean increase above some meaningful threshold of pain
(e.g., 1 point on the scale—or whatever the individual considers personally significant)
and then calculate:

P(mean increase in pain > threshold | data)
Based on that result, they could decide whether they consider the food a
trigger (or even, whether they consider the probability that it is a trigger high
enough to warrant cutting it from their diet—again, a personal cost/benefit
analysis).

4.3.2 Limitations with Bayesian Estimation and Prediction in n-of-1 Studies

One problem with Bayesian methods is the requirement to find a prior that accurately
summarizes the current state of knowledge. As the results of the analysis are
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conditional on the prior, a poorly suited prior may result in inaccurate results. How to
select priors for Bayesian analyses of self-experiments remains an open question. In
Sect. 5.4.4, we discuss three possible prior types, but each has challenges. For example,
designers could use a prior based on knowledge of the population, but such a prior
requires existing population-level literature on the phenomenon. Alternatively, a de-
signer might select a prior based on data from other people using a self-experimentation
tool, but doing so requires such data to have been collected. A different prior may
therefore be needed to bootstrap the analysis. A system could also elicit the prior from
self-experimenter themselves, but personalized prior elicitation requires designing a
process to help people quantify their personal beliefs for use in a prior—though recent
work suggests this challenge is not insurmountable, particularly with the use of
graphical elicitation methods [68]. We believe these challenges represent promising
avenues for future work.

Another problem with Bayesian estimation and prediction is that people may be less
familiar with those methods than with frequentist methods. Some people find p values
provide a sense of scientific rigor [9]. p values also provide a better sense of an
“answer”™; it provides a single number one compares to a threshold to interpret
experimental results (despite the fact that the commonly defined threshold of 0.05 is
arbitrary and under contention [69, 70]). Using Bayesian methods therefore may require
more education about what the results mean for those familiar with frequentist methods.

5 Example Analyses of Self-Experimentation Data

Based on our self-experiment scenario investigating if caffeine consumption
affects abdominal pain, we developed different analyses and representations
that could help people interpret the results of their experiments. Analyses and
representations were created using Stan [71] and R. We use these tools to
propose possible designs that could help people interpret personal informatics
data, envisioning the implementation of these designs in future self-tracking
tools. For example, a future implementation of a self-experimentation tool such
as TummyTrials [9] could include these designs, rather than its current ap-
proach of providing a p value. Such an integration would be relatively simple;
as the quantity of data in the proposed self-experiments is small, few compu-
tational resources are required to perform the analyses, and the algorithms for
doing so have already been developed. In case of higher-than-expected compu-
tation requirements, the analysis could be done in the cloud. To determine what
analyses and representations might be helpful to answer the questions people
have about their health, we examine how frequentist and Bayesian approaches
can be used to analyze the data.

* We do not discuss the use of Bayes factors—one approach to Bayesian hypothesis testing—in this paper, as the
sensitivity of Bayes factors to irrelevant details of the prior make them difficult even for experienced analysts to
use in practice [80]. Instead, if hypothesis testing is desired, we prefer estimation-based approaches, such as
regions of practical equivalence, which we believe are also easier to interpret. Regions of practical equivalence
answer questions like “how likely is the effect to be 0 (or close enough to 0 that I will not care)?” [46, 80].
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Fig. 4 Simulated data from a self- No coffee
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5.1 Sample Dataset

Based on our work on self-experimentation in IBS, we generated a simulated dataset
relating caffeine consumption to abdominal pain. We chose this data from several
simulated datasets generated by a member of the research team to resemble data
collected in a previous study. The particular dataset was chosen for our example because
it did not show a ‘clear’ effect based on visually inspecting the data, a common approach
for analyzing self-experiment data [8]. Caffeine consumption was binary (yes or no) and
abdominal pain was rated on a 7-point Likert item from 0 (no pain) to 6 (extreme pain).
The self-experiment was 12 days long, yielding 6 days or data points with caffeine and 6
without. The dataset we use in the following analyses is illustrated in Fig. 4.

5.2 Frequentist NHST

Because the scale we used for abdominal pain is limited to {0,1,2,3,4,5,6}, we again used
an interval-censored normal regression model to analyze our simulated data. With this
analysis, people could use frequentist NHST to estimate a two-sided p value against the
null hypothesis that the mean difference in pain is 0 (yielding p = 0.08). This p value fails
to reject the null at the customary = 0.05. A charitable reading of NHST would say that a
person gets a kind of an answer for Q1 (any effect) from our survey: that the data failed to
provide evidence for the effect, and is thus inconclusive, given our 0.05 threshold. An
important note is that the logic of NHST does not allow us to conclude that the effect is 0
(i.e., we cannot use this test to accept the null hypothesis; we can only fail to reject it).

5.3 Frequentist Estimation

Despite being unable to find a statistically significant increase in pain, one might use
frequentist estimation® to produce confidence intervals to estimate the mean pain in each

> We used a variant of our Bayesian regression model with flat priors (i.e., priors in which all possible
outcomes are equally likely, which is the implicit assumption a frequentist analysis makes) on the parameters
to simulate the frequentist regression.
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condition (Fig. 5). One could also generate a confidence interval for the mean difference
between conditions (Fig. 6).

That the 95% confidence interval for this difference overlaps 0 reflects the finding in
the previous section that p is greater than 0.05. From this confidence interval, a person
might conclude there is a mean difference in pain of between a little less than 0 and
almost 3 or estimate their mean pain level when they drink coffee as between about 3
and 5—if'they interpret the confidence interval as a statement of probability. As noted
above, confidence intervals are not probable regions containing the mean. From these
results, the person therefore cannot determine a probability distribution of the mean
difference or make probabilistic predictions of future stomach pain.

5.4 Bayesian Estimation

In addition to analyzing the data via the frequentist approach, we performed Bayesian
regression (using the same type of rounded-normal response model), with three
different priors. These regressions illustrate the effect a prior belief can have when
analyzing self-experimentation data. In large samples, the statistician’s quibble that
frequentist confidence intervals cannot be interpreted as Bayesian credible intervals is
arguably a distinction without a difference—the large amount of data often outweighs
most reasonable priors, so the intervals overlap almost perfectly. There,
interpreting a confidence interval as an approximation to a Bayesian interval
is more defensible. However, in small samples like these, what we believe prior
to the experiment has a much greater effect on what our posterior intervals look
like. Indeed, with frequentist results we have had the experience that people
will disagree with evidence from small self-experiments, citing their prior

Fig. 6 Ninety-five percent :
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difference in abdominal pain the 1
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1
1
1
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Fig. 7 Bayesian analysis of the raw data (black dots). The informed population prior assumes no abdominal
pain when coffee is avoided (green dotted line, top), and abdominal pain for some people when coffee is
consumed (green dotted line, bottom). The posterior distributions (orange filled area), and corresponding
orange 95 and 66% Bayesian credible intervals, show the likely means for the individual in the two conditions

beliefs and the small amount of data—perhaps rightly so [9, 14]. With a
Bayesian approach, we can incorporate those prior beliefs into the analysis to
produce more reasonable and believable probability intervals. We fit the model
using three different priors to demonstrate the impact prior knowledge can have
on conclusions from small self-experiments.

5.4.1 Informed Population Prior

The first prior we used is an informed population prior: one in which without
coffee, most people experience low abdominal pain, and where with coffee, a
small portion of the population experiences increased pain. This bimodal prior
represents one possible prior for this analysis. The Bayesian analysis combines
this prior with the data collected from the participant to form a posterior
distribution describing the likely means for coffee and no coffee (prior is dotted
green, posterior is filled orange, frequentist confidence interval is shown for
reference; Fig. 7). As with the frequentist analyses, one can also calculate
intervals for the estimated mean difference in abdominal pain between consum-
ing and avoiding caffeine (Fig. 8).

Fig. 8 Estimated mean difference in 0.6 '
abdominal pain between consuming :
and avoiding coffee, using 95% =2 04 1
frequentist confidence intervals (blue 2 0.2 !
line) and 95% and 66% Bayesian % :

1

credible intervals (orange line) with 0.0
an informed population prior

—“—

-5-4-3-2-10 1 2 3 4 5
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In contrast to frequentist confidence intervals, however, these Bayesian credible intervals
can be interpreted as describing the probable location of the mean (or mean difference).

Because the population prior assigns low probability to high baseline pain (in no
coffee), the posterior for no coffee is shrunk towards zero—the Bayesian credible
interval in the no coffee condition is closer to the prior (and therefore zero) than the
frequentist interval. This bias towards zero is because this study has only a
small number of observations: the model and prior suggest we would need
more evidence to be convinced that this person’s pain in the no coffee condi-
tion is normally as high as was observed. These results therefore suggest that,
conditional on believing pain in no coffee is low a priori, we should conclude
that the observations of higher pain in no coffee during the study most likely
happened due to chance. Similarly, where in the frequentist model observing a
handful of high values under the coffee condition results in a 95% confidence
interval that covers about half the scale (providing little precision), the Bayesian
model combines these results with our prior knowledge of the bimodal nature
of the population to infer that this person is likely among the second “hump”
that corresponds to people with a higher pain response to caffeine. Thus, the
Bayesian intervals for the coffee condition are narrower than the frequentist one
(Fig. 7).

Bayesian credible intervals can help people answer Q2 (noticeable effect) and Q6
(varying effect) from our survey by showing how much their abdominal pain changes
between consuming and avoiding caffeine. People could also use the information in the
more informative posterior distributions (and posterior predictive distributions) in
cost/benefit analyses between consuming and avoiding caffeine. For example, we can
use the Bayesian model to create posterior predictive distributions of future abdominal
pain by randomly sampling from the response distribution, conditional on the posterior
mean and standard deviation in each condition. We calculated predictive distributions
for drinking and avoiding caffeine and discretized the predictions into a 20-dot quantile
dotplot (Fig. 9). A quantile dotplot is a continuous analog to an icon array (commonly
used in medical risk communication [72]), and can be thought of as depicting » (here
20) equally likely predicted outcomes. Evidence suggests quantile dotplots may yield
better estimates and decisions in lay populations than visualizations of continuous
distributions, such as density plots [73, 74].
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For example, Fig. 9 shows that abdominal pain at level 4 or more is predicted to
occur 2 times out of 20 when caffeine is avoided (or 10% of the time), but the same
level of pain is predicted to occur 13 times out of 20 when caffeine is consumed (65%
of the time). With this dotplot, people could therefore predict their abdominal pain
when they consumed or avoided caffeine, thus allowing them to answer Q7 (avoidance
prediction), Q8 (normal prediction), and Q9 (excess prediction) from our survey.

5.4.2 Skeptical Prior

Instead of using an informed population prior, a person that doubts they are
sensitive to coffee before running this experiment may want to use a skeptical
prior. Such skepticism might be expressed by placing priors near 0 pain in both
the coffee and no coffee conditions. We can re-run the same Bayesian model with
those priors (Fig. 10) and again calculate intervals for the estimated mean differ-
ence in abdominal pain between consuming and avoiding caffeine (Fig. 11). Now
the results suggest no large difference between coffee and no coffee—there being
few observations in both cases, the effect of the prior pulls both estimated means
towards 0, causing the estimate of the mean difference also to pull towards 0. We
can say that, given the patient’s skepticism that there is an effect prior to their self-
experiment, the evidence in the experiment is not enough that they should
abandon this belief. This prior therefore yields an opposing conclusion to the
informed population prior, despite using identical data.

Fig. 11 Estimated mean difference
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We can also again plot a quantile dotplot of predictions to view predicted
future abdominal pain if the self-experimenter avoided or consumed coffee
(Fig. 12). We see relatively similar predictions of future pain in both cases,
with perhaps a slightly higher chance of very high pain if coffee is consumed.

5.4.3 Optimistic Prior

Finally, we imagine a third scenario, where our prior belief (perhaps based on
the patient’s own self-tracking data) is that the patient has higher baseline pain
than 0 in no coffee (say around 2), and also is likely to have some increased
pain in the coffee condition (say around 5). Given such a prior, the results are
illustrated in (Fig. 13). In this case, the priors have the effect of focusing our
posterior beliefs into regions that are more credible a priori: the Bayesian
credible intervals overlap the frequentist intervals, but exclude regions deemed
less probable according to the prior. This narrowing occurs in both the esti-
mates of the mean in each condition (Fig. 13) and the estimates of the mean
difference (Fig. 14).
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This effective combination of prior and data leads to much more precise estimates,
as our posterior predictions reflect (Fig. 15). As in the informed population prior, we
find that abdominal pain at level 4 or more is predicted to occur 2 times out of 20 when
caffeine is avoided (or 10% of the time), but pain at level 4 or more is now predicted to
occur 16 times out of 20 when caffeine is consumed (80% of the time).

We can now examine the results of the Bayesian analyses using our three different
priors together to facilitate further comparison (Fig. 16).

5.4.4 Choosing an Appropriate Prior

As we have illustrated, one of the main advantages of using Bayesian models is the
ability to specify informed priors (e.g., based on prior knowledge of the population or
knowledge about the specific individual). Bayesian analyses based on uninformed priors
are often equivalent to the analogous frequentist analyses, with the same limitations.
However, exactly what information to use to derive an informed prior for a self-
experiment may be difficult to determine. We describe three possible sources for
defining a prior and discuss how they relate to the example priors we explored (Fig. 16).

Prior Based on Global Population The use of informed priors based on a larger
population is an attractive prospect for medical self-experimentation, where existing
population studies could provide excellent priors. These priors may even deviate from a
unimodal distribution, as in our example: a reasonable hypothesis is that the true
distribution of abdominal pain given caffeine consumption is bimodal, as the prior

abdominal pain if the self-
experimenter avoided (top) or
consumed (bottom) coffee, calcu-
lated using Bayesian posterior
prediction with an optimistic prior.
Each plot shows 20 approximately
equally likely predicted outcomes

Fig. 15 Quantile dotplots of
predictive distributions of future %
No coffee =@ 8 8

Coffee ) t ; i t
0o 1 2 3 4 5 6
Predicted abdominal pain

@ Springer



Journal of Healthcare Informatics Research (2019) 3:124-155 147

A1. Bimodal population prior example A2. Posterior predictions
No coffee 1. For No coffee, our informed population No coffee
JemTmTmmmmEmamamanes prior on mean pain implies few people have
.“ high mean pain without coffee. The prior
" Iy combines with the small amount of data for
’ S this individual to pull our Bayesian
S “ ! : o estimate of this person’s mean pain ; ; ; ! e o
- — - towards 0 compared to the frequentist one.
Coffee 2. For coffee, our bimodal population prior Coffee
suggests about 40% of people are
Gty »== high-responders to coffee (the second
AN 8. »° “hump’). It combines with the data to make g )

-’ * =2 e us fairly certain this person is in that second o o
—— —T— T “hump”, yielding a narrower Bayesian T T T T T T T
0 1 2 3 4 5 6 estimate than the frequentist one. 0 1 2 3 4 5 6

Abdominal pain Predicted abdominal pain

B1. Skeptical prior example B2. Posterior predictions

No coffee 3. Perhaps instead our participant considers ~ No coffee

yemmmEmmEsEEmEanan it unlikely they are in the second “hump” of
. ‘g high-responders to coffee. They set priors
e accordingly, omitting the second hump from
" \‘ their prior on mean pain in coffee. This ; ; ;
’ . yields quite different estimates, with both ‘
-? —J— ’- Punmmmn conditions looking similar. With little data, e o
— what is reasonable to believe often depends

Coffee ‘, ------------------ on what we believed prior to the experiment.  Coffee
:"‘ 4. \We can use the model to make Bayesian = = $
LA Y posterior predictions combinind parameter

S X ; uncertainty and observation variance into a ‘ ‘

o? mOn® . - - ®.®. ... probabilistic prediction. In this quantile ‘ e o ‘
— —— r dotplot, one dot represents a predicted 1/20 r r r r r r r
01 2 3 4 5 6 chance of having that pain level, facilitating 0 1 2 3 4 5 6

Abdominal pain an individual's cost-benefit analysis. Predicted abdominal pain

C1. Optimistic prior example C2. Posterior predictions

No coffee 3. Perhaps instead our participant believes No coffee

RITLERLELELLLE they have higher baseline pain than average
29 3 in no coffee, and also is certain they are a
T B high-responder to coffee. They set their
’ Iy priors accordingly, again yielding somewhat
o L), ° different estimates. With little data, what is o $
"= —_—— " reasonable to believe often depends on
Kb what we believed prior to the experiment.
Coffee o Coffee
,' “‘ 4. We can again make Bayesian posterior = = = === "
LY predictions from the model. Our predictions ‘.
i’ “ change depending on what we believed ’04 * i ; 3

...... Q... Sun prior to seeing the data and the evidence [ ]
——— from the experiment. r r r r r r r
01 2 3 4 5 6 0o 1 2 3 4 5 6

Abdominal pain Predicted abdominal pain

Fig. 16 Comparison of the analysis results when using the three different priors described above

we chose for the “informed population prior” (Fig. 16a). For a large percentage of the
population, abdominal pain after caffeine consumption might be a distribution with low
variance and a mean around zero, and for a small percentage of the population (i.e., the
percentage with IBS wherein they get abdominal pain after consuming caffeine),
abdominal pain after consuming caffeine is a distribution with higher variance and a
mean higher than zero.

Conditional Prior Based on Tool Use, Demographics, and/or Medical History Another
reasonable theory is that people who want to perform certain self-experiments are

systematically different from the global population. Although a global population prior

@ Springer



148 Journal of Healthcare Informatics Research (2019) 3:124-155

could be drawn from the literature, population data could also be aggregated
into priors by the tool itself, based on data from people who use the tool.
Conditional priors (e.g., based on demographics or medical history) could also
to improve estimates. The tool might derive a slightly different prior for each
new person automatically, depending on the literature, a person’s demographics,
and data already collected on that phenomenon by people who use the tool.
Such a prior may still be bimodal, like the one we chose for the “informed
population prior” (Fig. 16a), but it would likely have slightly different distri-
butions than that of the global population.

Patient-Specified Prior A third option is for the tool not to make assumptions for
every new patient, but to instead let the patients themselves have a say in the prior.
Someone who doubts that caffeine is causing their abdominal pain, but wants to
formally test the relationship, could indicate their belief that they belong to the
population that does not experience abdominal pain after consuming caffeine, as
illustrated in our skeptical prior example (Fig. 16b). On the other hand, someone
who is fairly sure that caffeine is a trigger may want to incorporate that belief as a
prior, which matches our optimistic prior (Fig. 16c¢). This elicitation process could
be mixed initiative, with the tool suggesting relevant population or conditional
priors, and the person adjusting the priors to match their beliefs. A patient’s priors
might also be informed by correlational analyses they have conducted using self-
tracking tools. Not only would such a prior take advantage of information people
already know about themselves, but it could also mitigate confirmation bias by
giving people a principled way to update their prior belief based on the data,
rather than presenting a result independent of any prior beliefs they have (as in a
frequentist approach).

6 Discussion

We discuss design implications of using Bayesian methods to analyze self-
experimentation data, including the difficulties around eliciting specific, measurable
questions people have about their health; the design of self-experiments to provide the
data necessary to answer those questions; the necessity of supporting actionability for
self-experiments for health; and the perceived credibility and interpretability of Bayes-
ian analyses.

6.1 Eliciting Specific, Measurable Questions People Have About Their Health

Our survey revealed that people are not always good at stating a testable (or estimable)
question they want to answer about their health. For example, P43 wanted to know
what kinds of foods were safe to eat. Neither frequentist nor Bayesian analysis can
provide analysis for such a vague question. Answering that question in a self-
experiment would first require forming a definition of “safe” and “unsafe,” hypothe-
sizing what foods might be causing their symptoms (i.e., are therefore “unsafe”), and
then designing a self-experiment to evaluate that hypothesis (i.e., to estimate the effects
of those foods). Because our survey suggests that people tend to start with a high-level
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question that cannot be directly translated into a self-experiment, tools aimed at
supporting self-experimentation must guide people through expressing what general
questions they have about their health and then helping them state those questions in a
specific, measurable format. This guidance may be in the form of a step-by-step
wizard which assists in eliciting the necessary independent and dependent
variables to design a self-experiment based on the abstract question a person
might have [9]. In some cases, a recommendation system could help by
suggesting questions that people with similar condition have asked in the past
(e.g., suggesting someone with IBS ask the same questions that others with IBS
have asked). However, as self-experiments for health are inherently personal,
different individuals will want to investigate different aspects of their health,
and some may even want to purposefully remain ignorant about the answers to
some possible questions [9]. Systems created to support self-experiments for
health will need to have functionality to support the generation of measurable
questions, either through community outsourcing, collaboration with health
providers, automated methods, or some combination of methods.

6.2 Designing Self-Experiments Based on the Questions People Have About Their
Health

Designing an appropriate self-experiment with which people could collect and
analyze the necessary data to answer that question can be difficult, even when
starting from a concrete, measurable question someone wants to answer. For
example, although severe IBS symptoms often occur within a 4 hour window
of exposure to a dietary trigger [61], some people might want to investigate
other conditions that do not have such a clear relation between a trigger and
symptom (e.g., the effect of exercise on sleep quality). Such an investigation
would likely require domain expertise (e.g., guidance from a health provider,
guidance directly built into the self-experimentation app as in [9]).

In addition, although the combination of the experimental design we used as
an example in this paper and Bayesian estimation can address the majority of
the types of questions people in our survey had about their health, the example
experimental design does not address question types 3—5. These question types
require different data than is collected by our example self-experiment. To find
an interaction effect between multiple factors (i.e., Q3 (interaction effect)),
people would need to systematically experiment with and track their exposure
to all of those factors. To help people understand differences based on time of
day (i.e., Q4 (temporal effect)), people would have to further restrict their meals
so they could experiment throughout the day, rather than just experimenting
with breakfast. Finally, to determine differences depending on the amount of
the tested trigger (i.e., Q5 (threshold for effect)), people would need to note the
quantity of the possible trigger they were exposed to, rather than just indicating
whether or not they were exposed. Although these kinds of self-experiments are
possible, they would be more complicated, longer, and more burdensome than
those described by Karkar et al. [8, 9] and used as an example in this paper.
However, supposing the existence of an app that could support those kinds of
self-experiments, the necessary analyses are straightforward extensions of the
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Bayesian regression framework. For example, Bayesian regression can be nat-
urally extended to handle effects that vary at different time scales (e.g., days,
weeks, months) by using techniques like Gaussian process regression [67] or
Bayesian structural time series [75]. However complicated the model, the
Bayesian posterior predictive distribution remains well-defined, allowing the
display of probabilistic predictions of future outcomes regardless of the specific
model used.

6.3 Acting upon Self-Experiments for Health

Integrating our proposed analyses and visualizations into self-tracking tools
could help people interpret their data and better answer questions about their
health. Such analyses of a self-experiment may provide a concrete answer to a
person’s question. However, a person’s health goals often include not just
learning the answers to their questions, but also making changes based on
those answers [8]. The next step in an individual’s overall process may there-
fore be changing their behavior. Additional opportunities remain in considering
how a person uses the information they gain from a self-experiment to improve
their health or quality of life. Going back to our example scenario, if caffeine is
a trigger for a person’s abdominal pain, a first recommendation may be to give
up caffeine. However, as we discovered in our interviews with IBS patients [9],
many factors could prevent someone from taking this step (e.g., they may need
it to stay awake during their job). In such a scenario, it is helpful to think of
the “result” of the self-experiment as empowering someone to make an in-
formed decision. If one cannot give up caffeine completely, is there a certain
threshold up to which they are willing to trade off their need for caffeine and
the severity of their abdominal pain? Are there times when the caffeine and risk
of resulting pain are worth it to them and times when it is not? To make these
sorts of decisions, people need results that help them anticipate the range of
possible outcomes for the different choices they can make.

6.4 Perceived Credibility of Bayesian Analysis

We have demonstrated that Bayesian estimation could be advantageous in the analysis
of self-experimentation data, both from a statistical and a patient-centered viewpoint.
However, some open questions must be answered to determine how to conduct such
analyses in practice. For example, for people to trust the results of an experiment,
people must believe the experiment and analysis are sufficiently rigorous. In a
prior examination of self-experimentation, some people felt p values served as
an indicator of scientific rigor and thus the credibility of the results [9].
Although this opinion is a misconception, it nevertheless raises an important
question: do common presentations of Bayesian analyses project similar rigor to
people? If not, how can they be adapted to similarly communicate rigor and
credibility to people who hope to act on their results? The result of a self-
experiment could influence behavior changes (e.g., someone with IBS might
stop drinking coffee if caffeine is triggering symptoms), but it is unlikely to do
so if the self-experimenter does not trust the results.
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6.5 Interpretability of Bayesian Analyses

A related issue is that some people may have trouble interpreting posterior
distributions from a Bayesian analysis [68]. To ensure people can understand
and act upon results, analyses need to be presented in ways that that people
without a strong background in statistics can correctly interpret. We believe that
framing results in terms of predicting future outcomes—rather than as posterior
distributions or credible intervals—may help. Doing so would make the display
of self-experimentation results amenable to discrete outcome presentations, such
as the quantile dotplots [73] we used (e.g., in Fig. 8) or icon arrays that have
been found to be effective in medical risk communication [76]. When evaluated
in other domains, representations such as these (e.g., those which communicate
a range of possible outcomes) can help people make better decisions and
increase their trust in the system [74, 77].

7 Conclusion

Prior research has argued that Bayesian analyses are well suited for the small sample
sizes people are likely to generate via self-experimentation, in part because Bayesian
estimates tend to have lower error than traditional frequentist analyses [10]. In addition
to those recommendations, we contribute a patient-centered examination of Bayesian
analyses, finding that Bayesian methods can better answer the questions that people
have about their self-experimentation data and can do so in a way that we believe is
easier to understand than p values and confidence intervals. Through probabilistic
predictions of future outcomes, Bayesian analysis offers a potential to enable patients
to conduct personal, actionable cost-benefit analyses. By contrast, frequentist NHST
can only answer whether an independent variable has an effect on a dependent variable,
and frequentist estimation results in confidence intervals that are often less informative
and harder to interpret than the analogous Bayesian credible intervals. For myriad
statistical and patient-centered reasons, Bayesian estimation is therefore a superior
method for analyzing self-experiments compared to frequentist NHST and should be
investigated further for use in self-experimentation tools.
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