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Abstract 
People self-track for health, often to answer questions using their 
data. However, heterogeneity in tracking goals, data, and questions 
makes it challenging to support efective integration and refec-
tion. Extending theoretical considerations around Bayesian mod-
eling of trigger and symptom relationships in self-tracked health 
data, we empirically investigated self-tracker experiences using 
Bayesian analysis to examine their real-world data around a range 
of questions. We interviewed and observed 8 participants refecting 
on their self-tracked data using a technology probe that applied 
Bayesian analysis. Participants successfully refected on trigger 
and symptom relationships in their heterogeneous data, includ-
ing answering specifc and evolving questions. We also observed 
breakdowns due to incorrect or partial use of probe capabilities, 
misunderstanding of Bayesian analyses and conclusions, and mis-
alignment with participant goals. We discuss considerations for 
designing Bayesian analysis to support exploration and refection 
on relationships across a range of health goals, data, and questions. 
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1 Introduction and Related Work 
Many people seek to answer questions about their health by engag-
ing in self-tracking, including for sleep [15, 26], activity [12, 32, 42], 
diet [2, 13, 14, 33], menstrual and reproductive health [8, 21], and 
chronic conditions [25, 41]. Personal informatics research provides 
frameworks for characterizing self-tracking journeys [22, 31, 34] 
and for supporting goals [36, 41]. Such frameworks emphasize re-
fection as a key need in understanding and acting on self-tracked 
data, but analyzing and interpreting collected data remains dif-
cult [3, 17], due in part to the range of goals people bring to tracking, 
heterogeneity in data they collect, and diferent questions they want 
to ask over that data [3]. Such challenges mean that available tools 
often fail to support answering questions and providing insights 
toward health decisions and self-experimentation [7, 15, 25, 38]. 

Challenges of interpreting self-tracked health data have moti-
vated consideration of Bayesian methods. For example, in contrast 
to likelihood-based methods, prior research argues Bayesian anal-
ysis (i) can utilize either population-level or individualized prior 
information [16], (ii) can work with less data collected [16], and 
(iii) might be more natural for clinicians to understand in decision 
making [29]. In response to such interest from the medical com-
munity, prior HCI research has investigated Bayesian methods for 
modeling relationships between potential triggers and symptoms 
in self-experimentation data [1, 38]. This included identifying com-
mon questions and providing design recommendations for Bayesian 
analyses that could support interpreting self-tracked data relative to 
these questions [38]. However, proposed approaches were theoreti-
cal and had not been examined with self-trackers, their real-world 
goals, and their real-world data. Addressing this gap, we extend 
prior work by (i) designing a technology probe [23] consisting of an 
integration framework and refection interface supporting Bayesian 
analysis of self-tracked health data, focused on common questions 
about trigger and symptom relationships [38], and (ii) examining 
how participants use the technology probe for exploring and re-
fecting on relationships across a range of questions and forms of 
self-tracked data. 

Informed by prior research [22, 31, 38, 39], our technology 
probe [23] combines an integration framework and a refection 
interface applying Bayesian analysis to: (i) support a range of 
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self-tracking goals, data, and questions, (ii) support examining trig-
ger and symptom relationships, (iii) be robust to many types of 
lapses in data collection, and (iv) scafold refection that can support 
and motivate action. We employed this probe in a two-stage study 
with 8 participants who self-track across 12 distinct health parame-
ters and conditions, examining their experiences using Bayesian 
analysis. We frst conducted semi-structured interviews to under-
stand participant self-tracking goals, practices, and data. After in-
tegrating each participant’s data and learning a Bayesian network 
from that data, we conducted a second set of participant sessions. 
Participants interacted with and reacted to Bayesian analysis in our 
technology probe, aiming to answer questions about trigger and 
symptom relationships within their self-tracked data. 

Participants were able to successfully use Bayesian analysis via 
the technology probe: in examining potential trigger and symp-
tom relationships and potential interactions among triggers, in 
support of refection through evolution of their questions, and in 
motivating data-informed action. Participants also encountered 
challenges, caused by incorrect or partial use of probe capabili-
ties, by misunderstanding of Bayesian capabilities and conclusions, 
and by misalignment of conclusions with participant goals. We 
discuss challenges and opportunities in Bayesian analyses support-
ing individuals in exploring and refecting on relationships across 
a range of self-tracking goals, data, and questions. These include 
considerations for navigating refection and action with support for 
working from goals to insights and for designing tools that ensure 
appropriate analysis. 

2 Designing a Technology Probe for Bayesian 
Analysis 

Informed by prior work in personal informatics [22, 31, 39] and on 
Bayesian analysis in self-tracking [38], we implemented Bayesian 
network analysis in a technology probe consisting of (i) an integra-
tion framework and (ii) a refection interface. The integration frame-
work focused on the integration stage of personal informatics [31], 
wherein we manually integrated participant-provided self-tracked 
data, translating prior research on needs and challenges into fea-
tures, training settings, and data input for a Bayesian network. The 
integration framework then utilized the bnlearn R package [40] 
to learn a network from the provided data. The refection interface 
next focused on the refection stage of personal informatics [31], 
designed to support participants in exploring, interpreting, and 
refecting on their data through the underlying Bayesian analysis. 
Figure 1 shows the two-tab interface designed to support refec-
tion both in terms of in-depth analysis of aspects that answer a 
single question (a “Scenarios” tab) and more holistic exploration of 
a learned network (an “Overview” tab). 

The scope of our technology probe is focused on support in exam-
ining self-tracking data around goals of identifying and understand-
ing relationships between potential triggers and symptoms (i.e., 
not aiming to be comprehensive in support for Bayesian networks, 
Bayesian network learning, or other analyses of self-tracking data). 
A trigger is anything that might contribute to or result in a symp-
tom. A symptom is any aspect of health or wellbeing and might 
be impacted by one or more triggers. Although our probe cannot 
guarantee a causal analysis (e.g., a causal variable may go untracked 

while merely a correlated variable is tracked), Bayesian analysis 
does evaluate beyond a simple correlation analysis, particularly 
in self-experimentation [38]. We focused on creating our technol-
ogy probe [23] to facilitate interview and observation with people 
who self-track around a variety of health goals, data, and questions. 
Probe implementation details can be found in Appendix A. 

3 Methods 
We conducted an IRB-approved study with 8 participants, using 
the technology probe from Section 2. Our goal was to observe 
how people explore relationships between potential triggers and 
symptoms and how they answer questions using Bayesian analysis 
of their self-tracked data, as well as to examine potential challenges 
and opportunities around utilizing Bayesian network analysis. 

3.1 Participants 
Participants were recruited using purposive sampling [43] through 
a medical research participant pool associated with the University 
of Washington’s Institute for Translational Health Sciences, Quan-
tifed Self message boards, social media groups, and our personal 
networks. Participants were required to have tracked data includ-
ing potential triggers and symptoms related to a health condition. 
People with any health condition were eligible to participate, but 
study sessions focused on mental health tracking or questions were 
excluded under our IRB approval (i.e., because our study setting 
could not provide associated safety resources and protocols). After 
verifying participant eligibility, we asked participants to share their 
tracked data with the research team. Participants could withhold 
any data they did not want to share. Table 1 details participant 
demographics and tracking details. 

3.2 Participant Sessions 
The study consisted of two sessions with each participant, including 
interview and observation components (Figure 2). Session 1 was a 
background interview to learn about participant self-tracking goals 
and practices, followed by exploration of their existing self-tracked 
data. Between sessions, we performed necessary data transforma-
tions to map each participant’s data into the integration framework 
(described in Section A.1). In Session 2, participants interacted with 
the technology probe, using it in Bayesian analysis of their self-
tracked data. Further details and the complete study protocol are 
provided in Appendix C. Sessions each lasted 60 to 90 minutes, 
and participants were compensated a $30 gift card for each session. 
Informed consent, including permission to record, was obtained 
before each session. All sessions were conducted over Zoom with 
audio and video recording. 

3.3 Data Analysis 
Zoom-generated transcriptions were reviewed for correctness. We 
frst used data from Session 1 interviews to prepare for Session 2. 
Specifcally, we used what we learned about each participant’s 
self-tracking goals, practices, and data to inform training of a 
Bayesian network for that participant, including decisions about 
how to integrate each participant’s data and what questions to 
support. 
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Scenarios tab Overview tab

Figure 1: Elements of the technology probe’s refection interface, with data labels changed for anonymity. The Scenarios 
tab supports in exploring specifc combinations of potential exposures to triggers and corresponding predicted probability 
distributions of symptoms. The Overview tab visualizes and supports exploration of the overall learned network. 

Screening Survey Session 1:
Background Interview

& Data Exploration

Data Integration Session 2:
Technology Probe

Interaction

Figure 2: Study procedure. Potential participants flled out a 
screening survey (Appendix B) to determine their eligibility. 
Those eligible were invited to participate in the study. Session 
1 consisted of a background interview and data exploration 
component to learn about participant health tracking data 
and questions. Between sessions, necessary data transforma-
tions were performed, mapping each participant’s data into 
the integration framework of the technology probe. Session 
2 consisted of participants interacting with and reacting to 
the technology probe that modeled their self-tracked data. 

We then analyzed both sessions to understand participant expe-
riences with the probe. Three researchers frst individually open-
coded both interviews of one participant. They discussed their 
coding, clustered codes based on patterns in the data, and created 
an initial outline of a codebook informed primarily by participant 
experiences with the probe. The three researchers then used the 
initial codebook to individually code both interviews of a diferent 
participant, again refning the codebook. One researcher then used 
the codebook to code for the remaining 6 participants (12 total 
sessions). Throughout this process, the researcher continued to 
open-code data relevant to our research questions, including what 
was not already refected in the codebook. Researchers additionally 
categorized questions participants sought to answer according to 
Schroeder et al.’s question categories (e.g., any efect, interaction 
efect, varying efect) [38]. The researcher then used axial coding 
and memoing to construct preliminary themes. These were refned 
through further discussion with the full team. 
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Table 1: Self-reported demographic and tracking details of study participants. Two participants (P5, P11) dropped out. Two 
additional participants were not asked to complete the second interview because they did not have questions related to their 
data (P2) or had not tracked long enough or systematically enough (P6). 

P# 
Sex 
Age 
Race 

Health Parameters 
and Tracking Data 

Purpose of Tracking and Example Questions 

P1 
Female 
18-33 
White 

POTS syndrome; 
using spreadsheet; 
4 triggers, 
3 symptoms; 
1 month of data 

Condition management, discovery of triggers; 
(i) “any efect” of stress or PT exercises on POTS fare-up, 
(iii) “interaction efect” between water & cafeine intake on dizziness, 
(iv) “temporal efect” of weekly weather patterns on dizziness, 
(v) “quantity/severity efect” of gaining weight on menstrual cycles 

P3 
Female 
49-64 
White 

Workout recovery, weight; 
using spreadsheet, wearables; 
23 triggers, 
6 symptoms; 
6 months of data 

Self knowledge; 
(i) “any efect” of illness on high blood pressure, 
(ii) “noticeable efect” of carb, sodium, or water intake on glucose 

level 

P4 
Female 
18-33 
White 

Chronic shoulder pain; 
using spreadsheet; 
24 triggers, 
10 symptoms; 
13 months of data 

Condition management, diagnosis; 
(i) “any efect” of exercises, side sleeping, or ice/heat on pain, 
(ii) “noticeable efect” of medication on pain thresholds, 
(iii) “interaction efect” between carrying groceries, exercise on pain, 
(v) “quantity/severity efect” for a specifc pain on general pain 

P7 
Female 
18-33 
White 

Heart palpations; 
using spreadsheet; 
11 triggers, 
5 symptoms; 
2 months of data 

Diagnosis; 
(i) “any efect” of anxiety level on heart rate, 
(ii) “noticeable efect” of sitting or standing on blood pressure, 
(v) “quantity/severity efect” of exercise on blood pressure 

P8 
Female 
18-33 
White 

Menstrual cycles, migraines; 
using wearables, phone; 
5 triggers, 
4 symptoms; 
3 months of data 

Condition management, discovery of triggers; 
(i) “any efect” of cafeine intake or sleep on migraines, 
(ii) “noticeable efect” of period on cafeine craving, acne, or mood 

P9 
Female 
34-48 
White 

Seizures (for son); 
using spreadsheet; 
8 triggers, 
6 symptoms; 
26 months of data 

Condition management, discovery of triggers; 
(i) “any efect” of moon phase, illness, or diet on seizures, 
(iii) “interaction efect” between moon phase, circadian rhythm on 

seizures, 
(iv) “temporal efect” of moon phase on seizures 

P10 
Male 
18-33 
White 

Migraines, IBS, lower back pain; 
using paper journal; 
17 triggers, 
13 symptoms; 
6 months of data 

Condition management, discovery of triggers; 
(i) “any efect” of sugar, water, or alcohol intake on migraines or 

IBS, 
(iii) “interaction efect” between activity, sleep on migraines or IBS 

P12 
Male 
34-48 
White 

Running performance, knee pain; 
using Google forms, wearables; 
18 triggers, 
6 symptoms; 
9 months of data 

Discovery of triggers, self knowledge; 
(i) “any efect” of mileage, rest, or hill running on knee pain, 
(iii) “interaction efect” between drinking water, hot weather on 

muscle cramping 

4 Results 
We observed participants using the technology probe and reacting 
to Bayesian analysis of their self-tracked data (Table 1). Participants 
experienced successes in refecting within their data (Section 4.1), 
but also encountered breakdowns (Section 4.2) with the Bayesian 
network integration (Section 4.2.1) and refection interface (Sec-
tion 4.2.2), which could lead to misalignment and uncertainty about 
conclusions (Section 4.2.3). 

4.1 Successes in Supporting Efective 
Interpretation & Refection 

All participants used the probe to successfully identify potential 
relationships (“any efect” questions [38], the most common type) 
and to identify interactions between two or more potential trig-
gers (“interaction efect” questions [38], the second most common 
type). Even participants familiar with data science and statistics 
talked about how capabilities in the probe could support applying 
techniques they considered promising: “there’s one dad in one of 
the Facebook groups I’m in who who does stuf like this... he posts 
regularly to be like ‘Oh, I found this correlation and like here’s the 
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very optimal dosing my son was like I’ve seen that and I’ve admired 
it, but this is not my forte.... it’s like oh my gosh a tool where I could 
do that too, that’s exciting” (P9, who works with machine learning). 

4.1.1 Preferred Views and Visualizations for Diferent Needs. Par-
ticipants described the probe’s refection interface as useful for 
exploring a broad range of variables (the Overview tab), before 
narrowing their focus in further questions (the Scenarios tab). Al-
though participants used both, most found the Overview tab more 
“intuitive” (P3) for identifying contributing factors (P1), seeing con-
nections (P4), and seeing “direct correlations instead of having to 
like read through the percentages or fgure out what the the dots on 
the graph mean” (P8). P10 described the Overview tab’s graph visu-
alization as useful for “putting cause and efect [relationships] into 
perspective”, including for seeing the impact of multiple triggers 
together (i.e., interaction efects). 

On the other hand, some liked diving into specifc relationships 
using the Scenarios tab. P1 tracked a variety of data with the goal 
of discovering symptom triggers and managing their overall health. 
They used the probe to focus on specifc triggers and their relation-
ship to a symptom (e.g., “remove efects of like exercise and only look 
at cofee” ). P1 described the ability to “isolate” the impact of individ-
ual potential triggers as more useful than their current refection 
methods (i.e., creating “simple” line and bar graph visualizations), 
which they emphasized did not support their desired understanding 
of “causation.” Others also praised the scores and confdence visu-
alizations as readable (P4) and informative in identifying potential 
triggers (e.g., P9 said the probe “explains more than my neurolo-
gist can” in their goals for identifying potential triggers of their 
son’s seizures). 

4.1.2 Evolution of Participant Qestions. We observed participants 
evolving their exploration and refection beyond an initial question. 
P7 has self-tracked to understand potential triggers of heart palpa-
tion, and started by using the Overview tab to identify how their 
posture (sitting versus standing) impacted heart rate and blood pres-
sure. After learning that postures did not impact blood pressure but 
somewhat impacted their heart rate, they evolved their question 
to examine whether there was an interaction efect [38] between a 
specifc medication and posture. Seeing an impact on their heart 
rate, P7 further evolved their question to focus on the relationship 
between the medication and heart rate, examining how long after 
consumption the medication continued to impact their heart rate 
(i.e., temporal efect [38]). From the visualization, P7 concluded the 
medication seemed to impact their heart rate for more than 4 hours 
after consumption, an observation they were not expecting for a 
short acting medication. This led P7 to continue asking follow-up 
questions and investigating other potential relationships, such as 
the impact of the medication on sleep. 

4.1.3 Potential for Motivating Action and Identifying Next Steps. 
Some participants identifed and described actionable next steps 
based on conclusions reached through engaging their data with the 
probe. P1 wanted to try a quasi-experimental method to collect more 
varied data to confrm or disprove their conclusions. Although P1 
had intermittently tracked water intake to see if more water reduced 
dizziness, P1 felt they did not yet have enough data to confrm the 
conclusion obtained with the probe. They were therefore motivated 

to consistently track and further self-experiment (e.g., “I would 
encourage myself to drink 48 ounces of water more. I mean ideally I 
would rather try 32 ounces versus 64 ounces and see if that makes a 
diference [to my dizziness]” ). Other participants also appreciated 
insights gained through the probe that motivated action, such as 
“entertaining the notion of [behavior] change” (P4) and encouraging 
them to “do better” (P10): “I really like this... I want to make a change... 
it kind of motivates me to want to do better for myself... I’ve been 
trying to do better with my new lifestyle, but I see these potential 
causes... and it motivates me personally to want to just continue to do 
even more” (P10). 

4.2 Breakdowns & Opportunities 
4.2.1 Partial Use & Misunderstanding of Impacts. Our probe imple-
mented Bayesian analyses for diferent question types identifed 
in prior research [38], with a goal of supporting identifcation of 
relationships among variables in self-tracked data. However, some 
participants tried to explore and answer questions with subsets of 
the probe that did not provide a full answer. For example, although 
the Overview tab’s graph visualization was useful for identifying 
presence of a relationship (i.e., indicated by an edge from a trigger 
node to a symptom node), it was not always possible to discern 
whether it was a positive or negative relationship, which could lead 
to errant conclusions. P4 used the graph visualization to examine 
what might be helping with their shoulder pain. Instead of con-
sidering nodes (e.g., new pillow, CBD, Tylenol) as pain “triggers” 
or “contributors”, P4 interpreted a directed edge to mean reducing 
shoulder pain (a positive efect). However, because the direction 
was not specifed in the graph, interpreting the graph visualization 
as P4 did, without checking that interpretation using the Scenarios 
tab, could lead to confusing a negative impact on their pain for a 
positive one. 

4.2.2 Challenges of Interaction and Data Integration. Participants 
described challenges using the probe refection interface. A key con-
fusion was in the Scenarios tab, when inputting variables to create 
visualizations and in interpreting the quantile dot plot (described 
by participants as a “bubble plot” (P4)). When trying to investigate 
whether abdominal workouts can trigger dizziness, P1 acciden-
tally added presence of a trigger (abdominal workout) three times. 
Although they later removed redundant triggers, they remained 
confused about what was encoded as a trigger versus as a symptom 
and where to input each on the Scenarios tab. Others also noted 
confusion around how variables were encoded (e.g., P7 was unsure 
why walking and exercise were assigned diferent data types). P9 
encountered a breakdown while using the Scenarios tab to examine 
whether factors (e.g., changing light, keto ratio) afect the number 
of doses of Diastat (a rescue medicine) to stop a seizure. The vi-
sualization showed the most likely outcome was either 0.4 or 0.5 
doses, which seemed nonsensical because Diastat is used as 0, 1, or 
2 doses. In conversation, the researcher refected that this problem 
resulted from modeling Diastat doses as a linear number, not as 
discrete events. 

When encoding and integrating participant data, the research 
team made interpretations based on information participants pro-
vided in Session 1. Exposing more of the data integration work and 
rationale may have better supported participants in using the probe 
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and created opportunities to correct encoding issues. At the same 
time, participants (P4, P8, P9) anticipated challenges if they were 
to do data transformations and integration themselves, described 
not knowing how to integrate data in the probe, and wanted “an 
instruction sheet on how to use it” (P4). 

4.2.3 Skepticism When Results Do Not Match Expectations. Some 
participants valued when results challenged existing expectations, 
but some also expressed curiosity or skepticism when results did 
not align with expectations (P7, P9, P12). For example, P7 explored 
how diferent triggers impacted her heart rate and contributed to 
heart palpation. She was confused why triggers such as “exercise,” 
“walking,” and “getting ready” were not giving similar conclusions 
(all should impact her heart rate and blood pressure). She initially 
postulated this might be because they were encoded using diferent 
data types, but further refected that insufcient data might be why 
she was not seeing expected impacts. In other situations, partici-
pants trusted that analysis represented available data, but did not 
investigate specifc questions because of limited data pertaining 
to those questions. For example, P1 did not investigate migraine, 
as “just because, that’s not something that occurs frequently enough 
where I’m not sure that there would be enough data that it would be, 
you know, useful at all.” Similarly, P12 believed there was an associ-
ation between protein consumed and knee pain, but the model did 
not refect this. He concluded “Either I need to have more variables 
in the data I’m collecting or it doesn’t have enough data with the vari-
ables I am currently putting in there.” In exploring their data, many 
participants frst looked for support for expected relationships. P9 
described she would frst check if expected relationships are repre-
sented. If not, she would question either the data integration or the 
model. 

Across these examples, we saw participants make judgments 
about whether to trust the learned network. Judgments relied on 
participant knowledge of data and statistics, discussions with the 
researcher, and intuition about what the model should show. This 
raises questions around challenges of confrmation bias in future 
systems, including whether people may mistrust and dismiss an 
accurate analysis that challenges their pre-existing beliefs. 

4.2.4 Scafolding Exploration of Qestions in Scenarios View. Many 
participants used the Scenarios tab to explore specifc questions, as 
it was designed, through quickly creating scenarios and specifying 
variables. However, this ability to quickly explore, absent scafold-
ing of those explorations, also led to challenges. For example, P12 
initially confgured comparisons between diferent variables (15 
protein versus 240 minutes of sleep versus 60 minutes of activity) 
when intending to confgure an additive question (what might hap-
pen if I eat 15 grams of protein and get 240 minutes of sleep and 60 
minutes of activity). The researcher conducting the interview sup-
ported P12 in addressing this misunderstanding and reconfguring 
the scenarios to match P12’s question. 

P9 encountered a barrier that could not be resolved during the 
interview session. They wanted to examine impacts of dosage of 
a seizure prevention medication. However, during integration the 
research team had noted there was insufcient data to model the 
question “what prevents seizures,” and so this was not an option in 
the interface. This led P9 to comment “it’s not looking for correlations 
between the right things... it’s not what I’m looking for.” 

To some extent, difculties participants encountered refect an-
ticipated usability limits of our technology probe. However, they 
also highlight participant needs in examining questions. P12 likely 
would have benefted from a summary of the question a scenario 
was confgured to ask, so he could detect misalignment with his 
question. P9 may have benefted from being able to express her 
question, even though it could not be answered with the underly-
ing model or data (e.g., if a tool had provided guidance about what 
tracking would support such a question). 

5 Discussion 
Our examination of participant experiences with a technology 
probe implementing Bayesian analysis highlights considerations 
for personal health informatics. These include considerations in 
navigating refection and action from health goals to insights and 
in designing for appropriate trust in analysis. 

5.1 Navigating Refection and Action: From 
Goals to Insights 

Participants self-tracked for a variety of health conditions, pur-
poses, and goals (e.g., self-assessment of performance (P12), self-
experimentation with treatments (P9), identifying potential triggers 
for a symptom (P1, P4), diferentiating between triggers for diferent 
symptoms (P10)). Participants had previously tracked both potential 
triggers and symptoms, and we used Session 1 to examine each par-
ticipant’s data, goals, and questions before a researcher performed 
necessary data transformations (e.g., into relevant data types and 
aggregations). Other research on individualized self-tracking has 
successfully used similar approaches to provide tailored support for 
data collection and analysis aligned with individual goals [35, 41]. 

We expected that this individualized and intensive process would 
result in participants having the information and analysis needed 
to refect on their data and answer questions using the probe. We 
also sought to support familiarization with using the probe by 
identifying questions (based on participant goals and questions 
from Session 1, refned to align with questions for which Bayesian 
analyses are well-suited [38]), and then creating suggested views 
(Section A.2.2) to guide participants through exploration of their 
data. However, some participants misunderstood the probe’s capa-
bilities, incorrectly used or only used parts of the probe, and derived 
conclusions misaligned with their health goals (Section 4.2). 

These breakdowns highlight opportunities to more explicitly use 
an individual’s specifed questions in interactive guidance and tu-
torials that walk people through their data to demonstrate support 
for refection. Techniques are needed to support data integration— 
including surfacing decisions made during integration and provid-
ing support if participants were to perform integration themselves 
(Section 4.2.2)—to direct people to appropriate views for their anal-
yses (e.g., Section 4.1.1 notes diferent benefts to participants using 
the overview graph network versus scenarios aligned with specifc 
questions), and to create suggested views and tutorials grounded 
in a person’s own data. Barriers some participants encountered 
to efectively using the Scenarios tab (Section 4.2.4) also indicate 
opportunities for improving the experience of confguring and ex-
ploring scenarios, such as by asking what variables participants 
hold constant and which they wish to compare across scenarios. 
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To address participant challenges in refection (Section 4.2), one 
opportunity would be to leverage generative AI to supplement 
Bayesian analysis. Recent research using LLMs for analyzing health 
data suggests their value for analyzing diverse self-tracking data and 
synthesizing multiple data streams, including generating natural 
language summaries [18]. Informed by our results, future research 
could examine potential for LLMs to help translate higher-level 
goals to concrete questions which can be examined using Bayesian 
analysis, to help streamline diverse self-tracking data before train-
ing a Bayesian network aligned with participant goals (e.g., remov-
ing data that might not be relevant for specifc goals or questions), 
suggesting questions/relationships to examine according to col-
lected data and higher-level goals, supporting natural language 
interactions to confgure scenarios, and summarizing conclusions 
derived from Bayesian analysis. 

Finally, upon reaching an insight, people may want to plan next 
steps [22, 31]. However, identifying appropriate action is a common 
challenge in self-tracking [31]. Although we did not observe partic-
ipant action on insights, some participants noted actionable next 
steps and indicated an intent to act (Section 4.1.3). For example, 
P1 wanted to collect more varied data and self-experiment to test 
conclusions they reached with the probe. Future research could 
examine whether and how Bayesian analysis could help surface 
opportunities to support transition to action (e.g., through coun-
ter-factual analysis based on the network). 

5.2 Designing for Appropriate Trust in Analysis 
As described in Section 4.2.3, challenges of trust in analyses and 
conclusions were a barrier to refection and potential action. We at-
tribute these challenges to two primary causes: (i) misalignment 
between participant goals and what questions the resulting net-
work could answer, and (ii) analysis results that challenged insights 
a participant had previously developed. 

5.2.1 Misalignment between Goals and Qestions the Bayesian Net-
work Could Answer. One potential contributor was misalignment 
between participant goals and what questions the probe supported. 
In Session 1, we worked to translate participant goals into specifc 
questions. Despite this hands-on, interactive opportunity to learn 
from participants about their goals, data, and questions, the later 
process of actually preparing and transforming the data for the 
Bayesian network still required the researcher to continue refn-
ing participant questions and making inferences about detailed 
participant goals. 

This indicates an opportunity to design for integration that more 
tightly links processes of data transformation and question refne-
ment. For example, some misalignments might be prevented by a 
design that indicates how certain data transformations will afect 
what questions can be answered. In this study, such a capability 
might have supported the researcher in getting participant feedback 
during the transformation process. More long-term, such designs 
might support people in preparing their own data. Additionally, 
P9’s desire to ask a question the model could not support (Sec-
tion 4.2.4) suggests opportunities for refection interfaces that allow 
people to express questions they cannot answer. If a design were 
to provide guidance about a tracking plan that could answer the 
expressed question, this could provide actionable next steps. 

5.2.2 Balancing Inclusion of Existing Insights with Mitigating Con-
firmation Bias. People engaging in self-tracking often seek both 
new insights and validation of beliefs about factors that afect their 
health [6]. People bring many prior beliefs into the tracking process, 
starting from the moment they decide to track. Both tracking tools 
and individual choices shape what data people do or do not collect, 
which then afects what is available in integration and refection. 
For example, a person may strictly avoid a behavior they believe 
causes symptoms, thus never gathering data that would support 
testing that understanding. Although we discuss the risk of confr-
mation bias in Section 4.2.3, past work has also emphasized that 
people’s experiential knowledge can be valuable in shaping and 
focusing their self-tracking and questions [10, 25]. 

A challenge for personal informatics continues to be how to best 
include experiential insights while mitigating biases and creating 
opportunities to challenge previous understanding. Prior research 
has suggested mixed-initiative approaches for identifying priors 
(e.g., a tool could suggest population or conditional priors, a person 
could adjust these based on their beliefs) [38]. This study chose 
not to encode priors based on any specifc health parameters or 
conditions, allowing us to evaluate opportunities and challenges 
in refection across a range of health conditions. Trying to develop 
priors requires extensive domain knowledge, and we recommend 
that tools which are intended for specifc domains work with ex-
perts in those domains to establish appropriate priors. Participants 
could instead incorporate some prior knowledge through enforc-
ing the presence or absence of learned edges. We also designed the 
probe to mitigate potential for confrmation bias, including through: 
(i) confdence scores in the Scenarios tab, and (ii) a graph of the full 
learned network in the Overview tab. 

These choices meant participants encountered results that both 
matched their expectations and challenged previous understanding 
(Section 4.2.3). Some participants recognized the potential for con-
frmation bias, appreciated the components intended to mitigate 
it, and reached new conclusions during their study session (Sec-
tion 4.1.1). When a mismatch occurred, further refection was re-
quired to identify potential reasons. For example, P7 expected “ex-
ercise”, “walking”, and “getting ready” to impact her heart rate, but 
did not reach the same conclusion using the probe. Although P7 
initially expressed skepticism about how her data was encoded 
for Bayesian analysis, she further engaged with the probe and 
then attributed the mismatch to having tracked insufcient data 
to support reliable conclusions. However, others encountering re-
sults that challenged their prior understanding expressed less trust 
in the technology probe. To support exploring data-driven con-
clusions, designers could build on prior research on visualizing 
personal informatics insights [4, 5] to design communicative tools 
for personal data refection (e.g., visual annotations for highlight-
ing insights, features that expose underlying knowledge structures 
that inform specifc visualizations). Textual explanations and nar-
ratives alongside quantitative results can also enable deeper re-
fection and engagement with tools [42], and there is potential for 
LLM-based explanations to support understanding of health data 
and data-based insights [7], although LLM-based explanations also 
raise potential concerns (e.g., overreliance, confrmation bias) [28]. 
Self-trackers could thus beneft from designs that walk through 
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evidence and explain how conclusions are reached, further sup-
porting self-experimentation and validation of understanding and 
knowledge. Designers may also develop support for preliminary 
analyses, integrating a person’s lived experiences and experiential 
insights, then using those analyses to enlist health providers or 
other experts to help understand inconclusive results or plan for 
next steps when beliefs disagree with results [9]. Future work can 
thus explore how our examination of Bayesian formulations and 
analyses can complement and build upon prior examinations of 
patient-provider collaboration around identifcation of symptom 
triggers using patient self-tracking data [10, 37]. 

6 Conclusion 
We conducted a technology probe study to examine participant 
interaction with Bayesian analysis of self-tracked health data across 
a range of health goals, data, and questions. Participants used the 
technology probe to successfully explore trigger and symptom re-
lationships within their data, especially identifying presence of re-
lationships and interaction among diferent triggers. They evolved 
their questions in refection, obtained relevant conclusions, and 
identifed actionable next steps on examining their data using the 
technology probe. We also observed breakdowns in participant 
interactions and refection. We discussed our results in terms of 
considerations and opportunities for navigating refection and ac-
tion with support for working from goals to insights and designing 
tools that ensure appropriate trust in analysis. 
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A Technology Probe Design and 
Implementation 

A.1 Integration Framework 
The integration framework applies Bayesian analyses and Bayesian 
network learning to support functionality across fve self-tracking 
stages or aspects defned in prior work: collection stage [22], difer-
ent underlying condition phenomena, diferent self tracker goals 
[38], lapsing and resuming stage [22], and tracking and acting 
stages [22]. Table 2 provides more details on each of these. We 
discuss the diferent stages and implementation of associated func-
tionality, including how need for such functionality can arise across 
diferent self-tracking scenarios. 

A.1.1 Collection Stage. The technology probe supports diferent 
overall approaches to self-tracking toward trigger and symptom re-
lationship goals, from planned self-experimentation to observation. 
This is supported by abstracting out the type of tracking practice 
and modeling data in a trigger and symptom node framework. Dif-
ferent tracking methods can therefore be modeled within the same 
network, and the method of tracking will determine how much data 
is required for network confdence levels to converge. This provides 
fexibility to analyze data from settings where people are able and 
willing to systematically explore triggers and symptoms to answer 
questions faster (i.e., self-experimentation), where people experi-
ence symptoms but do not undertake rigorous self-experimentation 
(i.e., quasi-experiment), or where people are limited to observing 
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Table 2: Functionality implemented as a part of the integration framework of the technology probe, applying Bayesian 
network learning to explore support for examining trigger and symptom relationships in self-tracked health data. Further 
details for the data processing and network learning implementation can be found in the publicly available Github repo 
(github.com/aokeson/BayesNetsForSelfTracking) in the participant_specifcs.R and network.R fles, respectively. Further details 
for the Collection Stage are in Section A.1.1, the Refection Interface in Section A.2, and the Integration Stage in Section C.2. 

Self Tracking 
Stage 

Functionality, 
Implementation Location 

Bayesian Network Implementation 

Collection 
Stage [22] 

Diferent Data Types 
Data Processing Code Line 13 

Boolean, categorical, ordinal, and continuous data are 
implemented as their associated R data types. 

Experiment 
Collection Stage 

Experiment happens during participant data collection. 
All inputs are exactly the same for a specifed period of 
time, while 1 potential trigger is varied and symptoms 
monitored to gain more confdence in exactly 1 
potentially causal relationship. 

Quasi-Experiment 
Collection Stage 

Quasi-experiment happens during participant data collection. 
Continues normal exposure to all other triggers, but varies 1 
potential trigger systematically to gain diversity in 
observations of that trigger and associated symptoms. 

Observation 
Collection Stage 

Observation happens during participant data collection. 
Tracks normal exposure, learned over sufcient data variation. 

Diferent 
Underlying 
Condition 
Phenomena 

Triggers 
Network Learning Code Line 35 

Learn network edges from tracked potential triggers to 
tracked symptoms. 

Contributors 
Network Learning Code Line 35 

Create “potential trigger” nodes for all possible combinations 
of tracked potential triggers, then learn network with them 
as individual network nodes. 

Diferent 
Self 

Tracker 
Goals [38] 

Any Efect 
Refection Interface Overview Tab 

Check for a presence of an arrow between the trigger and 
symptom of interest in the learned network. 

Noticeable Efect 
Refection Interface Scenarios Tab 

Compare predicted probability distribution of diferent 
amounts of triggers and see how large the diference is. 

Interaction Efect 
Refection Interface Scenarios Tab 

Directly compare predicted probability distribution of 2 
triggers, alone and then together, to see if the combination 
results in signifcantly diferent symptom efect sizes. 

Temporal Efect 
Integration Stage 

Compute and create new nodes for time elapsed, time of 
day, or aggregated data into a time scale of interest. 

Quantity/Severity Efect 
Refection Interface Scenarios Tab 

Compare the symptom efect size of diferent quantities of 
triggers. 

Confdence in Conclusion 
Refection Interface Scenarios Tab 

The strength metric of an edge indicates the confdence in 
the edge’s existence and therefore if there is a relationship. 

Lapsing and 
Resuming 
Stage [22] 

Support Partial Lapse 
Integration Stage 

If some nodes are sporadically not tracked, impute the 
learned impact based on other data. 

Support Complete Lapse and Resume 
Collection Stage 

Individual tracking records are independent so resumption 
can begin at any time with no change to data processing. 

Tracking 
and 

Acting 
Stages [22] 

Prior Knowledge 
Network Learning Code Line 47, 144 

Force an arc to exist or not exist based on existing 
knowledge of a relationship. 

New Trigger/Symptom 
Integration Stage 

Add new node and relearn relationships by imputing past 
untracked values as 0 or based on prior observation data. 

Stop Tracking Trigger/Symptom 
Integration Stage 

Impute values based on prior observation data or delete 
node. 

Stop Consuming/Doing Trigger 
Integration Stage 

Impute 0s or delete node. 

natural variation in triggers and symptoms in their day-to-day 
experiences (i.e., observation). Bayesian networks also support dif-
ferent data types for encoding triggers and symptoms, according 
to individual needs and self-tracking practices. In the technology 
probe, this is supported by assigning each “trigger” a numerical 
mapping (e.g., mapping Boolean data to 0 or 1, categorical data 
to an arbitrary number between 1 and the number of categories, 
ordinal data to its natural ordered value). 

A.1.2 Diferent Underlying Condition Phenomena. The technology 
probe supports modeling underlying triggers associated with difer-
ent health conditions as either triggers or contributors. Modeling 
as triggers can be appropriate when a single factor can be enough 
to induce a change in the symptom (e.g., in IBS, eating a single type 
of food or nutrient can cause symptom onset [25]). Modeling as 
contributors can also be appropriate when any one factor alone 
might not be enough to induce a change in the symptom, but the 

github.com/aokeson/BayesNetsForSelfTracking


Bayesian Analysis of Self-Tracked Health Data: A Technology Probe Study Examining Opportunities in Integration and Reflection IH ’26, July 05–08, 2026, Porto, Portugal 

sum of several factors may be (e.g. in migraine, multiple factors can 
compound as part of impacting symptoms [39]). In the technology 
probe, (i) modeling as triggers is supported by creating a single 
node for each self-tracked variable, and (ii) modeling as contributors 
is supported by creating additional nodes that represent possible 
combinations of diferent triggers, then adding the data values to 
get a sum of multiple triggers. 

A.1.3 Diferent Self Tracker Goals. The technology probe provides 
support for exploring diferent questions based on the underlying 
Bayesian network through the refection interface, further described 
in Section A.2. This includes support for key questions around 
trigger and symptom relationships among nodes in the Bayesian 
network, as highlighted in prior self-tracking literature [38]. It also 
includes a meta-goal of estimating confdence in answers. 

A.1.4 Lapsing and Resuming Stage. People commonly lapse in their 
tracking [22], either partially or completely, so data about triggers 
and symptoms can often be incomplete or sparse. In a traditional 
experimental setup, such lapsing can violate assumptions of the 
experimental setup. Our technology probe addresses concerns of 
lapsing and resumption in self-tracking by treating all data as ob-
servational, so there is no time component to individual instances 
of tracking triggers and symptoms. It also integrates partial obser-
vations, where only some triggers and symptoms are not tracked, 
imputing the learned impact based on prior data values. 

A.1.5 Tracking and Acting Stages. As people build up more un-
derstanding of their health condition through lived experience, 
self-tracking, and/or refection, they often iterate upon or evolve 
their goals and questions [39]. While people sometimes want to 
test beliefs or knowledge for which they have limited evidence [25], 
tools prompting or requiring people to test or re-examine questions 
to which they believe they already know the answer can lead to 
frustrating experiences and tool abandonment [11, 19, 20, 30]. Our 
technology probe thus allows people to enforce prior knowledge 
(e.g., enforcing structure so a trigger is modeled as defnitely or 
defnitely not relating to a symptom), further supporting people 
in iterating upon and evolving their goals. People can also use our 
probe to begin tracking new triggers and symptoms over time, to 
end tracking of triggers and symptoms, or to note a permanent 
behavior change (e.g., ending an activity that is a potential trigger) 
by imputing data as needed in the data processing. 

A.2 Refection Interface 
After a Bayesian network is learned using the R package bnlearn 
[40], it is important to facilitate review and interpretation of the 
network in the context of an individual’s self-tracked data. Indi-
viduals bring additional knowledge and context around their data, 
self-tracking practices, and health that are essential for interpre-
tation. However, Bayesian networks are known to be difcult to 
interpret without formal training [44]. We therefore designed a 
refection interface as a part of our technology probe to support 
individuals in reviewing and refecting on the results of Bayesian 
network analysis of their self-tracked data. 

Shown in Figure 1, the desktop interface is implemented in R 
using the Shiny package. We created a two-tab interface to support 
refection both in terms of in-depth analysis of aspects that answer 

a single question (Scenarios tab) and more holistic exploration 
of a learned network (Overview tab). The “Scenarios” tab (left in 
Figure 1) supports investigating individual questions via simulated 
predictions of symptoms experienced based on diferent exposures 
to triggers. The “Overview” tab (right in Figure 1) provides a graph 
of the entire learned network, suggestions of other scenarios to 
explore, and settings that support incorporating prior knowledge. 

A.2.1 Scenarios Tab. This tab supports exploring specifcs within 
a learned network without needing to parse through the full net-
work. On the left of the scenarios tab, each white box represents 
a potential scenario consisting of diferent triggers an individual 
might experience. A person specifes which triggers, and how much 
of each, they experience in the scenario. Figure 1 shows Scenarios 
tab where a person is comparing a scenario specifying “0” of the 
“drank tea” trigger (i.e., they did not drink tea) and “12” amount of 
the “amount of exercise” trigger (i.e., 12 minutes of exercise) with 
another scenario specifying “1” of the “drank tea” trigger (i.e., they 
did drink tea) and “48” of the “amount of exercise” trigger (i.e., 48 
minutes of exercise). The drop-down menu on the right side then 
supports selecting symptom nodes on which a person would like 
to see the impact of the scenarios. The network then predicts the 
probability distribution of symptom levels in each scenario, dis-
playing it using quantile dotplots [27] in the graph at the top right. 
Prior research has shown that people without substantial statistical 
experience or training can understand and use quantile dotplots 
efectively to support decision making [27]. This graph then allows 
comparing efect size prediction among specifed scenarios, shown 
on the same axis and diferentiated by colors specifed with each 
scenario. Below the symptom selector, a notation of the confdence 
level of a potential edge between each selected trigger and symp-
tom provides an indication of how confdent a person might be 
in the dotplot, based on the full learned network. Much less than 
50% indicates network learning did not fnd a relationship between 
the trigger and a symptom; much greater than 50% indicates net-
work learning found strong support for a relationship between the 
trigger and a symptom; near 50% indicates uncertainty. This tab 
also provides note-taking functionality and an ability to save the 
settings and view of the entire tab for later review via the Overview 
tab. 

A.2.2 Overview Tab. Alongside answering specifc questions, re-
fection should also support exploration of the overall learned net-
work. This can be benefcial as a person’s questions can overlap 
or be iterative and might be answerable upon further inspection 
of the overall network. A more holistic view of the network might 
also help people avoid confrmation bias from only examining and 
trusting conclusions that they already believe. 

This tab shows the entire learned network, including all nodes 
corresponding to each column in the data. An edge between nodes 
is shown if there is greater than a 50% confdence that one node 
impacts another. The 50% edge threshold was chosen because it is 
the default threshold in the bnlearn package. The actual threshold 
percentage learned is also presented to the user in the network 
confdence levels section of Scenarios tab in Figure 1 to provide 
additional context to the user and allow them to assess confdence 
and potentially a diferent threshold for an edge in the network. 
Below the network diagram is an option to highlight a single node 
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and its incoming and outgoing edges (e.g., shown with the “Bloated” 
symptom node highlighted in red). Below the learned network are 
a set of suggested and saved views. Suggested views are confgura-
tions of the Scenarios tab that the research team created based on a 
participant’s stated goals and their learned network. Saved views 
are confgurations of the Scenarios tab that a participant saved 
for later viewing. The “See View” button associated with any of 
these opens the corresponding confguration in the Scenarios tab. 
Additional settings allow confguring functionality from Table 2. 
On the left is an option to model triggers either as triggers or as 
contributors. On the right is the option to include prior knowledge 
or hypotheses for each possible trigger and symptom relationship. 
The default is “maybe impacts”, which allows the network learning 
to use provided data in learning the likelihood of an edge. Selecting 
“defnitely impacts” enforces the presence of an edge, while select-
ing “defnitely does not impact” enforces the absence of an edge. 
Changing any setting automatically triggers the bnlearn learning 
algorithm to run again with the updated parameters. 

A.3 Study Focus and Ethical Considerations 
Our technology probe is not a comprehensive tool or system for 
supporting all functionality of Bayesian networks, of Bayesian net-
work learning, or of analysis of self-tracking data. We used our 
technology probe to facilitate participant sessions and examine 
how participants might use it to explore their self-tracking health 
data around goals of identifying and understanding relationships 
between potential triggers and symptoms. Although potentially 
useful for faster learning and more robust conclusions [38], we 
chose not to incorporate priors in the Bayesian network as part 
of supporting refection across a diverse range of health parame-
ters and conditions (i.e., relying on participant self-tracked data 
without encoding priors based on any specifc health parameters 
or conditions). Participants could however specify in the interface 
settings if they already knew about the presence or absence of a 
relationship between any of the trigger and symptom nodes. 

B Screening Survey 
This survey has 3 pages and is expected to take 10-15 minutes to 
complete. 

We are looking for participants for a study that explores possible 
improvement to collecting data about potential symptoms and trigger-
s/causes of health conditions over time. We are looking for people who 
have kept a record of diferent symptoms and potential triggers/causes 
of these symptoms to try to understand more about their health and 
health conditions. 

We defne triggers as: anything that may contribute to or cause 
symptoms or a change in symptom severity and that can be recorded. 

We defne symptoms as: anything that afects health or wellbeing 
that may be impacted by diferent trigger/cause. 

If you are selected to participate in this study, you will be asked 
to share some data that you have already collected about potential 
triggers and symptoms of health conditions. We will then ask to inter-
view you about this data and about potential new ways of collecting 
and understanding your data. 

Are you interested in participating in the study? 

• Yes 
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Examples of symptoms Examples of potential triggers 

Migraines or headaches 
Consuming cafeine, amount of sleep, 
weather, lighting conditions 

Irritable Bowel Syndrome 
(constipation, gas, diarrhea) 

Consuming cafeine, consuming lactose, 
consuming gluten, consuming soy 

Juvenile arthritis fare ups 
Amount of physical activity, type of 
physical activity, eating gluten 

Menstrual cramps 
Amount of physical activity, consuming 
greasy foods, amount of sleep 

• No -> exit survey 

Screening 

• Have you ever used web tools, apps, paper journals, spread-
sheets or any other method of collecting data to understand 
more about potential triggers or causes of symptoms? 
– Yes 
– No -> exit survey 

• Is the health condition you collected data about primarily a 
mental health condition? 
– No 
– Yes -> At this time, we are not focusing on collecting data 
about mental health conditions. We hope to extend this re-
search in the future to include mental health conditions. If 
we do conduct a future study related to mental health data 
collection, may we contact you about participating in that 
study? 
∗ Yes -> collect email, exit survey 
∗ No -> exit survey 

• Do you still have a record of the data you have collected? This 
might be spreadsheets, data inside tracking apps, handwritten 
records, or any other method of collecting data. 
– Yes 
– No -> Exit survey 

Details of what has been recorded 

• About what health conditions have you recorded data with the 
purpose of trying to understand potential triggers of symptoms? 

• Please describe what potential triggers and symptoms of the 
health condition(s) you have recorded. 

• Please describe anything else you have recorded related to the 
health condition(s). 

• Please describe how you record this data. For example: did you 
record data in a spreadsheet, using a mobile phone or desktop 
app, or in a journal? How often did you record data? 

• Please describe any understanding you have developed of po-
tential triggers and symptoms of the health condition(s). 

• Has your understanding of potential triggers and symptoms of 
the health condition(s) changed over time? 
– No 
– Yes -> Please describe how. 

• Has your understanding of potential triggers and symptoms of 
the health condition(s) changed over time? 
– No 
– Yes -> Please describe how. 

Demographics/Contact Information 

• Age 
• Gender 
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• Thank you for taking the time to complete this survey. If you 
are selected for this study, we will contact you about enrolling 
in the study. Please provide the best way for us to contact you 
if you are selected. 
– How would you like to be contacted? 
– What is the name of the person we should contact? 

C Session Details and Study Protocol 
C.1 Session 1: Background Interview & Data 

Exploration 
The           
participant experiences with and current practices of self-tracking 
for health, and (2) to review their self-tracked data and associated 
questions, in part because this would guide mapping of their data 
into the integration framework for Bayesian analysis. We asked par-
ticipants questions about their self-tracking (e.g., why they tracked, 
what they tracked, what they learned from self-tracking, how they 
had learned through self-tracking, if/what they had used to refect 
on their self-tracked data, what they still wanted to learn from 
self-tracking, if/how their tracking had changed over time). Next, 
the interviewer and participant looked through the participant’s 
self-tracked data together, via screen share or synchronously on 
their own computers. Any unclear data entry was clarifed, as well 
as which data felds corresponded to potential triggers and which 
corresponded to symptoms. Interview guide is as follows: 

Hi _____. Thank you very much for taking the time to talk with 
me today. My name is _____ and I am a member of the research team 
who will be talking with you today. Today I expect the interview to 
take about 1 hour. I will be asking you about how you tracked the 
data you gave us, what your experience was while tracking, and what 
you learned from that data. As a reminder from the study consent 
sheet, we are recording this interview so that it may be referred back 
to by the research team. Do you have any questions before we begin? 

• Tell me about your experience with tracking data. 
• Why did you begin tracking? 
• Walk me through your data. 
• For each of the variables you tracked, 
– Why did you track it? 
– Do you have any expectations for the relationship between 
that variable and your symptoms? What are they? 

– Have you gained any knowledge about how this variable 
afects your symptoms? Please elaborate. 

– Has this knowledge changed your tracking at all? 
• Are there any other factors that you currently think may impact 
your symptoms? 
– Has this changed over time? 

• Are there any other factors that you currently think do not 
impact your symptoms? 
– Has this changed over time? 

• Did your reasons for tracking change over time? 
– How? 
– Did this afect how you tracked? 

• Did what you tracked change over time? 
– How? 
– Why? 

goal of this semi-structured interview was: (1) to learn about

– How did this afect your interpretation of the old versus new 
data? 

– How did this afect your evaluation? 
• Did you refect or look back on your tracking data after you 
collected it? 
– How? Any specifc analysis techniques or specifc visualiza-
tions? 

– Why did you choose your current interpretation method? 
– How confdent do you feel in how you interpreted your data? 
– What questions were you able to answer? 
– Any questions you would like to answer but did not or were 
not able to? Why do you feel like you could not? 

• Did you learn something during your tracking? 
– How did you learn this? 
– What did you learn? 
– Did what you learned shape your tracking after that? Why? 
Or why not? 

• Is there anything you haven’t learned that you would like to 
learn from tracking? 

• Was there anything that made learning from your tracking 
easier? 

• Was there anything that made learning from your tracking 
more difcult? 

C.2 Data Integration 
After understanding participant self-tracking practices and data, 
researchers formatted participant data into an Excel spreadsheet 
to provide to the bnlearn Bayesian network learning algorithm 
and technology probe. A column was created for each trigger and 
symptom, recording each tracking entry (i.e., a single data point, 
typically one per day) in a row with associated trigger and symp-
tom data in the relevant columns. Distinctions between trigger and 
symptom nodes were determined based on information about the 
participant’s health condition and goals provided in the Session 1 
interview. Data was also formatted into the correct data types to an-
swer the questions participants identifed. For example, P1 tracked 
how many ounces of tea they drank each day, but was only inter-
ested in whether drinking any tea afected their symptoms. The 
column for ounces of tea was therefore translated into a Boolean 
column containing a “yes” if they “did drink tea that day.” If there 
was potential for temporal efects in the data, additional trigger 
columns were added to answer those questions or to better scafold 
answers. For example, P3 tracked the amount of core nutrients they 
consumed every day and wanted to know any efect on their weight. 
Trigger columns were created to compute the average amount of 
each core nutrient consumed over the previous 7 days, aiming to 
account for the delays and fuctuations seen in weight. This spread-
sheet was then read into R, run through the bnlearn Bayesian 
network learning package [40], and displayed in the technology 
probe’s refection interface. After this was complete, researchers 
explored each participant’s results using the refection interface and 
developed at least one suggested view for each participant based 
on their goals and results. This was meant to help participants 
familiarize themselves with the interface while also leaving room 
for participants to further explore their data using the refection 
interface. 
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C.3 Session 2: Technology Probe Interaction 
In this session, each participant was shown the technology probe, 
populated with their data, and was asked to explore and share 
their reactions. The interviewer shared their screen with the re-
fection interface, providing participants with a basic overview and 
explanation of the interface. The interviewer frst explained the 
Scenarios tab, noted the suggested scenarios in the Overview tab, 
and presented the frst suggested scenario. Next, the interviewer 
explained the Overview tab’s full network diagram and settings. 
The interviewer then gave the participant control via the Zoom 
remote control option, asking them to explore their data using the 
refection interface while thinking aloud [24]. The interviewer fur-
ther probed whenever a participant seemed to discover something 
new, started exploring a new question or piece of data, or appeared 
confused. Further questioning included but was not limited to ask-
ing how participants arrived at a conclusion, why they decided to 
look at something, and what they were trying to accomplish. If par-
ticipants had questions about how the refection interface worked, 
they were frst encouraged to try to fnd the answer themselves. If 
the participant was still confused or misunderstood the interface, 
the interviewer clarifed so as to ensure minor points of interface 
confusion did not distract from the goal of the study. After explo-
ration of their data using the refection interface, participants were 
asked semi-structured interview questions soliciting their experi-
ence with using the technology probe, including what conclusions 
they derived, if they were going to change anything about their 
tracking or exposure to triggers based on their conclusions, if/how 
often they might use this probe on their own, what challenges they 
might expect if they were to use the probe on their own, and how 
this probe compared to previous methods they had used to make 
sense of their self-tracked data. 

Now we will ask you to look at and explore a visualization of your 
tracking data. I’ll give you a little tour, then I’ll hand control of the 
screen over to you so you can click around and play with it. Take as 
long as you would like to explore this visualization. Please talk aloud 
as you look through the visualization and say what you see, what 
questions you have, what you are looking for, and anything you are 
thinking. Session protocol is as follows: 

• Explain 
– Scenarios 
∗ This is the “scenarios” tab. It allows you to explore diferent 
scenarios, that you specify on the left and see the predicted 
symptoms on the right. On the left, you can set multiple 
scenarios to compare how each one might impact your 
symptoms. Click the plus button to add a potential trigger 
or cause and use the color picker to specify the color on the 
graph on the right. You can use the up and down arrows 
here to specify the amount or you can manually type 
something in. If you use the arrows, it will only allow you 
to go up and down to the maximum and minimum value 
that was present in your data. If it shows up only as 1 or 0, 
that indicates “yes” or “no”. 1 means yes and 0 means no. 
For example, [1 example for yes and no/up down arrows as 
present in the participant’s data]. Press this plus to create 
and compare multiple scenarios. Once you have entered 
your scenarios, you can come to the right hand side and 
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see the predicted symptom. Each dot represents a __ out of 
__ chance that this y-axis value of [symptom] will occur. 
Use the drop down menu to pick which symptom you want 
to look at on the y axis. Any questions so far? 

∗ Below is a list of confdence scores for every potential 
trigger and symptom pairing. So this says that it is __% 
confdent that there is a relationship between ____ and 
____. Here, 50% means unsure, 0% means it is very sure 
there is no relationship, and 100% means it is very sure 
there is a relationship. 

– Overall View 
∗ This shows all the relationships that the tool has found 
in your data. Each thing you tracked shows up as a bub-
ble. An arrow between two bubbles represents that it is 
pretty sure one bubble impacts the other. The direction of 
the arrow indicates which bubble impacts which. So for 
example, it looks like it thinks ____ afects ____ in some 
way. What questions do you have? 

– Settings/Suggested Scenarios 
∗ Below the overall view are a few things, here you can see 
some suggested views that I’ve put together for you. If you 
click one, it will take you back to the scenarios tab and 
show you some pre-flled scenarios. You can also save your 
own scenarios if you want, and those will show up on the 
right. Below that are settings. On the right are diferent 
settings where you can specify a relationship between bub-
bles if you know there is or is not one there. So for example, 
if you know there is some kind of relationship between 
____ and ____, you can click “defnitely efects” here. Or 
if you know there is defnitely not a relationship between 
____ and ____, you can click “defnitely does not efect” 
here. The default is “maybe efects” which means that the 
tool will try to fgure out whether there is a relationship 
or not. When you make a selection, the tool will update 
and you will be able to immediately see the change in the 
overall view above and it will change what happens on 
the graph in the scenarios page. Then on the left hand 
side there is an option to select “trigger” or “contributor”. 
A trigger means that any one potential bubble can cause 
one of your symptoms to occur. A contributor means that 
many things might have to happen before you would see 
a symptom occur. “Contributor” might run very slowly 
for you, just because there will be a lot of bubbles in the 
above graph. Any questions before I turn control over to 
you? You can feel free to ask more questions as you go. 

– Give time to play around with interface 
∗ Ask about immediate reactions (would you look at it, play 
with it on daily basis. . . ) 

– Goals they have for data (have before) 
∗ Have them step through how to fnd answer, ask ques-
tions about how they did it, how they feel about it, how 
confdent they are 

– Goals they had but couldn’t answer before 
∗ Have them step through how to fnd answer, ask ques-
tions about how they did it, how they feel about it, how 
confdent they are 

– Is there anything else you want to look into? Explore? 
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∗ Have them explain what they are seeing and reactions as 
they go 

• What did you look for in the tool? 
• What about the tool was confusing or should be made clearer? 
Did anything confuse you about the tool? 

• Did you see everything you expected to see in the data? 
• Did you see anything you did not expect in the data? 
• Do you see any of the same conclusions that you gained from 
your prior analyses? 
– Which ones? 
– Are you more or less confdent in these conclusions now? 

• Are there any conclusions that you had made in your prior 
analyses that you don’t see in this visualization? 
– Which ones? 
– Are you more or less confdent in these conclusions now? 

• Are there any new conclusions that you see in this visualization 
that you didn’t gain from your prior analysis? 
– Which ones? 
– Can you walk me through how you found this conclusion? 

• Based on the [conclusions you saw / did not see] refected in 
this data, do you plan to do anything diferent in your life? 
(e.g., change tracking, change behavior) 

• Are there any new tracking questions that you have? 
– What brought about this question? 
– How would you try to answer these? 
– Would you like to try to answer these? 

• Is there anyone you would like to share these results with? 
– Who? 
– For what purpose? 
– How would you show ____ the results? 
– Do you anticipate any problems with showing the results to 
____? 

• If you always had access to this tool, how often do you think 
you would use it? 

• What challenges do you anticipate with using this tool on your 
own? 

• Is there any additional information you wish the tool had 
included? 

• How does the tool compare to previous methods for interpreta-
tion you have used/seen? 

• What are 3 things you liked about the tool? 
• What are 3 things you disliked about the tool 
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