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Abstract
Endometriosis is a complex and poorly understood chronic condi-
tion with highly variable symptoms. While personal informatics
tools support self-tracking, few leverage artificial intelligence (AI)
to generate actionable insights for care. This research applies a
digital phenotyping approach to characterize weekly health sta-
tuses using self-tracking data from the Phendo app — a research
platform co-designed with endometriosis patients. Applying an
unsupervised probabilistic mixed-membership model to week-level
data, we generate temporal health status phenotypes that capture
severity-based illness dynamics. We validate the learned pheno-
types then evaluate them with a user study. We document various
challenges with their alignment with participants’ health status
assignments. Findings highlight the importance of human-centered
AI that enhances user autonomy and aligns with lived experiences.
Future work will be needed to refine the phenotypes by incorpo-
rating additional details, such as medication usage and personal
narratives from journal entries, ultimately improving AI-enabled
tools for chronic disease management.

CCS Concepts
• Human-centered computing → Interactive systems and
tools; Smartphones; • Applied computing → Health infor-
matics.
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1 Introduction and Background
Chronic conditions burden those who must live with and manage
them [13, 15, 17, 20, 33], leading to a significant amount of work
for patients and their care teams [4, 28]. Further, gaps in medi-
cal knowledge persist, complicating diagnosis, management, and
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treatment [21]. To mitigate these burdens, researchers have devel-
oped various personal informatics tools — technologies designed
to collect, integrate, and analyze personal data to support reflec-
tion and decision-making — to support care for different diseases,
support treatment, help reach patient goals, and improve quality of
life [6, 9, 25]. With the proliferation of such personal informatics
tools across health contexts and purposes, individuals managing
chronic conditions often generate a considerable volume of per-
sonal health data about their illness experience that is available to
support care [10]. With the rise of artificial intelligence (AI), there
are even more opportunities to support care of chronic disease [29].

There is a particular opportunity to apply AI in the context of
poorly understood, complex, enigmatic conditions, especially where
the experience of illness varies greatly from individual to individual.
While there are some intelligent systems to capture illness data
and reflect on health-related data in these contexts (e.g., tools for
identifying triggers in enigmatic diseases, such as irritable bowel
syndrome (IBS) [14, 27], rosacea [3], and migraine [26]), few go
beyond logging and reflecting on data or provide computational
features to use the data to support care.

This research focuses on endometriosis, an inflammatory chronic,
multi-factorial, and systemic condition estimated to affect 6-10%
of women1 of reproductive age [34]. In this burdensome chronic
condition, the types and severity of symptoms vary greatly from
individual to individual and over time. Endometriosis remains enig-
matic [2], with substantial gaps in knowledge about the disease,
leading to a lack of established medical guidelines [1]. Because
endometriosis is poorly understood, has no biomarker for diag-
nosis, has no cure, and treatment is complex, individualized, and
often ineffective, monitoring and care for the condition remains
challenging [5, 11].

In complex and poorly understood diseases, it can be difficult to
characterize individuals’ health status, understand what is going on
with their health, and communicate about the experience of illness
with a care team [16, 22, 32]. Our prior work has detailed these
challenges in the context of endometriosis [24]. In this research, we
create and evaluate computable representations of illness states to
help individuals characterize their health status and that may be
used in intelligent systems.We ask the following Research Question:
Can a digital phenotyping approach aggregate individual-level data

1Here, we reference endometriosis as a condition that impacts “women.” While im-
perfect, the use of this term is important because “women’s health” is under-studied
and often stigmatized precisely because they are women’s concerns, and stripping this
label could obscure this problem (as also argued by Grimme et al. [12]). At the same
time, we recognize that intersex people, non-binary individuals, and transgender men,
for example, may also have endometriosis. We acknowledge that not all people who
are impacted by “women’s health” issues are women.
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to enable interpretable representations of health status in the context
of a complex enigmatic condition?

2 Methods and Materials
2.1 The Phendo App: A personal informatics

tool for endometriosis
The Phendo app [7, 8] is amobile research app that was developed in
partnership with endometriosis patients [18, 19] to capture the real-
world experience of the disease. The app enables users to catalog
the day-to-day signs and symptoms, self-management activities,
and other lived experiences of endometriosis outside of the clinic.

2.2 Phenotype development
Model. To address the particular challenges of these heteroge-

neous data and the complex, uncertain illness context, we rely
on unsupervised probabilistic methods, similar to the approach
taken by Urteaga and colleagues [31], who used data from the
Phendo app for phenotyping individuals with endometriosis. This
mixed-membership model is a specific type of generalized low-rank
model, which is well-adapted to generating interpretable pheno-
types. However, rather than aggregating an entire user’s record for
individual-level phenotyping, here, we extend this work to create
temporal phenotypes, by aggregating each user’s data by week. An
interpretable, temporal representation (i.e., being able to represent
an individual’s timeline of health experiences as a dynamic mixture
of phenotypes over different weeks) is likely to be suitable to real-
world interventions. In the context of this research, the phenotypic
profile characterizes the health status (comprised of characteris-
tics across domains of illness) at a particular time for a particular
person.

Data. We use data from the Phendo app. Eligibility requirements
include: self-reported diagnosis of endometriosis and at least one
self-tracking entry (with a minimum of five data points). All avail-
able self-tracking data are aggregated by user-week. Each user-week
is described by a vector of vectors, where dimensions are repre-
sented as counts by specific item. Each domain represents a related
set of tracking questions, mapped to meaningful responses. The
final dataset includes data from a total of n = 11,852 users, who
have tracked an average of 4.3 weeks. The dataset includes data
from 51,187 user-weeks, with an average of 52.6 moments each.

Development. Development of the phenotypes is iterative. To
determine the best hyperparameters to use for the phenotyping
model, we experimentwith held-out data that is split 80/20 train/test
ratio with no crossover of participants between the training and
test set, following the same method as [30]. The hyperparameters
are varied within these ranges: 𝐾 ∈ {2, 3, 4, 5, 6, 7, 8, 9, 25}, 𝛼 ∈
{0.1, 0.01, 0.001}, and 𝛽 ∈ {0.1, 0.01, 0.001}.

2.3 Phenotype validation
We validate the phenotypes in various ways, to ensure that they are
appropriate and suitable for the intended tasks.We first examine the
learned phenotype model to understand how it has characterized
health status. We look at the vocabulary, visualized by heatmaps
and wordclouds. We use these to make sense of what types of

insights the mixed-membership model has learned and how it has
characterized health status, e.g., has it learned differences in types
of illness experience (gi-based vs pain-based) or has it learned
differences based on severity of the illness experience that week.
We compare the learned phenotype model to a baseline phenotype
model (constructed using rules based on the ‘How was your day?’
Phendo question) in various ways.

2.4 Phenotype evaluation
We evaluate the phenotypes (referred to as “AI-generated health sta-
tuses” in the user study) by consulting individuals with endometrio-
sis to assess whether the phenotypes represent meaningful facets
of illness experience and the potential real-world applicability. The
user evaluation consists of two parts — the first to evaluate pheno-
types with users’ real-world data to see if the health statuses align
with their understanding of their illness; the second to evaluate
the temporal component of the health statuses to see if they help
individuals evaluate changes in health status over time. Participants
are asked to think-aloud as they complete each task. Along with
this, participants are asked to assess the difficulty and certainty,
along with their agreement of the AI-generated health status. We
recruited N = 5 individuals who previously used the Phendo app
to track their experience of illness (minimum 6 weeks of data), to
evaluate the phenotypes.

From other work [23], individuals are more interested in when
they will have flare-ups, rather than when they will have “good”
days; they also prefer false positives (predicting a flare-up that does
not happen) over false negatives (predicting no flare-up when in
reality symptoms do worsen).

3 Results
Final model. We learned a model with 𝐾 = 4 topics and hyper-

parameters 𝛼 = 0.01 and 𝛽 = 0.1. The mixed-membership model
learned a largely severity-based representation of health statuses.
This was not a given, and the model could have learned various
other dynamics instead (e.g., based on body system or type of man-
agement that was helpful). This severity-based characterization
was consistent across all 𝐾 topics and 𝛼/𝛽 hyperparameters. This
robustness provides confidence in the model, and that a severity-
based phenotype is the most appropriate approach. It also helps

(a) ‘What symptoms are you experienc-
ing?’ (top-pain; middle-other; bottom-GI )

(b) ‘How severe is the pain?’ (top-
severe; middle-moderate; bottom-
mild)

Figure 1: Learned Phenotype Model: Symptoms and Severity
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us to learn about the underlying population and experience of ill-
ness. Heatmaps of symptoms and pain severity for the final learned
phenotype model are shown in Fig 1.

Validation. In the learned model, each of the four phenotypes is
well-represented, with some variation. The baseline model, on the
other hand, is more skewed towards some phenotypes with less
representation of others (i.e., the best and worst phenotypes have
fewer assignments in the dataset). The baseline model also has a lot
of “missing” assignments that are not missing in the learned model,
due to the “How was your day?” question not being answered. The
distributions are shown in Fig 2. While there is a slight correlation
between the learned and baseline phenotypes, the learned model
does not neatly align with the “How was your day?” variable. Thus,
the learned phenotypes are useful to characterize what is going on
with individuals and their health, providing richness and nuance.

(a) Learned Phenotypes (b) Baseline Phenotypes

Figure 2: Phenotype Model: Distribution of Phenotypes

We also created user timelines of all user-weeks from an individ-
ual, shown in Fig 3. We find that individual users are not assigned

Figure 3: Learned Phenotype Model: Temporal Plot of Phe-
notypes Across Engagement Levels

to a single phenotype across their entire timeline (i.e., the model
is not learning user-level dynamics), and that there is variation in
phenotype assignments. There is wide heterogeneity across each
individual’s timeline and across different users. These different dy-
namics can help us to learn about the experience of disease, giving
insights about our population. We also examine weeks where users
menstruate and do not find an association across phenotypes. This
gives us further insights into the population of users — bad weeks
are not only during menstrual periods.

Evaluation. There is limited alignment between user assign-
ments and the phenotypes — participants’ assignments matched the
learned phenotypes 23% of the time (n = 7), and matched the base-
line phenotypes 33% of the time (n = 10). The baseline phenotypes
tended to under-estimate individual’s health status (i.e., among dis-
agreements, in 16 cases, the AI-generated health status was better
than the user’s rating, while in only 1 case was it worse). While
the learned phenotypes sometimes under-estimated the severity
of individuals’ health statuses, incorrect assignments made by the
learned model were more likely to be more severe than less severe,
when compared to the users’ own assessments of their health sta-
tus (i.e., in 13 cases the AI-generated health status was better than
the user’s rating, while in 10 cases the AI-generated health status
was worse than the user’s rated health status). This information is
visualized in Fig 4. This aligns with the user’s preference for the
AI to err on the side of assigning a status that is worse than reality,
rather than assigning one that is better than reality.

(a) Heatmap of the learned phe-
notype assignments vs the user
assignments

(b)Heatmap of the baseline phe-
notype assignments vs the user
assignments

Figure 4: AI-generated health status vs user assignments
(for the primary assessment), across the learned and baseline
phenotypes. The “matched” boxes (where both the phenotype
assignment and the user assignment match) are outlined in
green.

Results from across the two repeated assignments where we
showed participants the same data suggest limited test-retest relia-
bility. Across all users and instances, individuals made inconsistent
assignments 33% of the time. Despite their lack of consistency, par-
ticipants rated themselves as relatively certain and felt the task was
somewhat easy. At the same time, very few participants changed
their assignments after finding out what the AI-generated health
assignment was, despite the frequent discrepancy between their
assignment and that of the phenotype model. Individuals kept the
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same assignment in 93% of cases (n = 56), and changed their assign-
ments in only 7% of cases (n = 4).

To contextualize these findings, we turn to the insights from
the qualitative data captured during the study visits. Participants
talked about using a combination across a range of indicators to
assess their health status. This mirrors what the learned phenotype
relied on to make the assignment, more than the baseline pheno-
type, which used only the single Day Rating indicator. Various
aspects were described as impacting the difficulty of making health
assessments. Weeks with very little data were hard for participants
to make assessments. They also had a hard time when they felt
that different days of the week would give different assessments,
or may sway a week’s health status towards better or worse than
their overall assessment may otherwise be. Individuals also specu-
lated that they tend to minimize their pain and do not like to log
that their experience was too bad. Participants also talked about
making sense of disagreements between their assignment and the
phenotype. While they explained that they could sometimes see
why the AI made a particular assignment, they largely relied on
their own assessments over that of the AI. Participants frequently
emphasized the aspects of their data that strongly suggested to
them the health status that they assigned, e.g., pain medications or
severe pain. They were also frustrated when the AI over-estimated
their health status.

Participants were largely able to provide accurate assessments
of health status over time for all of the cases (i.e., surgery, self-
management, clinical summary), even without access to the AI-
generated health statuses. But they had some uncertainty about
it and it took a long time for them to review the detailed self-
tracked data. Some of the cases were more challenging than others
to make evaluations. For the clinical summary case, participants
said the AI-generated health status gave them confidence in their
own evaluations. Participants were all optimistic about using such
a technology if it were available to them. They felt it would help
them in assessing their own health status, although they viewed
themselves as the experts and would want control over the AI’s
behavior and outputs. Participants also described potential value
in taking the health status reports to their healthcare providers.

4 Discussion
Results from the user study highlight the nuanced relationship
between participants’ self-assessments of health status and health
status phenotypes, offering insights into their thought processes
and where the current phenotypes might be improved. Participants
demonstrated a clear reliance on a wide range of indicators, in-
cluding symptom severity, medication usage, and activities of daily
living, to make health assessments. These indicators, while over-
lapping among participants, were often interpreted and weighted
differently, reflecting the individualized and subjective nature of
self-assessment. Interestingly, while participants valued the AI-
generated health statuses as a reference point, they overwhelmingly
maintained their own assessments, showcasing their role as the
primary experts of their lived experiences. At the same time, there
were significant discrepancies in repeated evaluations of the same
data. This requires further study to fully understand and reconcile
with a machine-readable health status phenotyping model. Despite

this, participants recognized the potential utility of AI-enabled tools
in validating their experiences and assisting with summarization,
particularly to be used as a resource for communicating with their
care teams. Additionally, while the AI-generated health statuses
enhanced participants’ efficiency in assessing longitudinal health
trends, they did not necessarily increase their confidence or make
decision-making about their evaluations easier.

In line with human-centered AI, these findings underscore the
importance of designing intelligent systems that complement rather
than override user expertise, emphasize transparency in AI reason-
ing, and account for the complexity of individual health narratives.
These findings also call for innovation in how users can remain “in
the loop” with these models, or otherwise enhance autonomy and
control over how their data represent their experiences. Integrating
AI as a supportive, participatory tool has the potential to enhance
both self-awareness and patient-provider interactions, but first fur-
ther work is required so that the outputs more closely align with
users’ expectations and lived realities.

The evaluation of the phenotypes also gave insight into how the
phenotypes could be improved. In the user study, many participants
talked about using medication to make their assessments. This
information was not fully incorporated into model training. In the
current model, medication was included as a simple binary (took
medication, yes), and future work could map and categorize the
user-entered medications to identify pain medications. This is an
insight directly garnered from individuals in the user study. Future
work on the phenotypes could include improving how current data
are used (e.g., mapping pain medications), using more advanced
ML techniques to use other existing data (e.g., NLP methods to use
the open-ended journal text), or incorporating additional datatypes
(e.g., passive sensing).

5 Conclusion
This work showcases an example of research at the intersection
of Health and HCI that is important, compelling, and challenging.
While we offer sone solutions and directions for development, we
also raise new questions and highlight real-world challenges that
require further exploration. Through this workshop, we hope to
engage with other researchers who are tackling similar problems.
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