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Abstract Background Self-tracking through mobile health technology can augment the
electronic health record (EHR) as an additional data source by providing direct patient
input. This can be particularly useful in the context of enigmatic diseases and further
promote patient engagement.
Objectives This study aimed to investigate the additional information that can be
gained through direct patient input on poorly understood diseases, beyond what is
already documented in the EHR.
Methods This was an observational study including two samples with a clinically
confirmed endometriosis diagnosis. We analyzed data from 6,925 women with
endometriosis using a research app for tracking endometriosis to assess prevalence
of self-reported pain problems, between- and within-person variability in pain over
time, endometriosis-affected tasks of daily function, and self-management strategies.
We analyzed data from 4,389 patients identified through a large metropolitan hospital
EHR to compare pain problems with the self-tracking app and to identify unique data
elements that can be contributed via patient self-tracking.
Results Pelvic pain was the most prevalent problem in the self-tracking sample
(57.3%), followed by gastrointestinal-related (55.9%) and lower back (49.2%) pain.
Unique problems that were captured by self-tracking included pain in ovaries (43.7%)
and uterus (37.2%). Pain experience was highly variable both across and within
participants over time. Within-person variation accounted for 58% of the total variance
in pain scores, and was large in magnitude, based on the ratio of within- to between-
person variability (0.92) and the intraclass correlation (0.42). Work was the most
affected daily function task (49%), and there was significant within- and between-
person variability in self-management effectiveness. Prevalence rates in the EHR were
significantly lower, with abdominal pain being the most prevalent (36.5%).
Conclusion For enigmatic diseases, patient self-tracking as an additional data source
complementary to EHR can enable learning from the patient to more accurately and
comprehensively evaluate patient health history and status.
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Background and Significance

The Learning Health System (LHS) framework proposes an
improved health care system to accelerate the lengthy (�17
years) learning health cycle from health care data to research
findings that inform clinical decisions by learning and shar-
ing information from patients, care delivery systems, and
clinical research over time.1,2 This framework relies on the
electronic health record (EHR) as a primary source for gain-
ing information about patients and generating evidence to
inform care,3 and aims to make the research-to-clinical care
pipeline more efficient4 through use of big data, health
technologies, and participatory design.5,6

The EHR constitutes a rich, convenient source of data for
clinical decision-making,7 conducting biomedical re-
search,8,9 and generating relevant and actionable knowledge
that can inform the tailoring of treatments.10 The problem
lists within the EHR are particularly useful as they provide a
structured, comprehensive, and accessible list of patient
problems.11 Problem lists include diagnoses, illnesses, inju-
ries, and other factors that affect the health of the patient,
documented by the provider at the point of care and stored in
standard encoding systems.12 They facilitate data sharing,
information retrieval, and communication throughout the
health care continuum, and further provide data source for
research studies and other secondary data uses.12

Yet, sole reliance on the EHR and data collected at point of
care can be insufficient,13 particularly when studying condi-
tions that lack adequate documentation,14 conditions that
have a fluctuating course over time, and in instances where
the clinic assessment of an outcome might differ from its
ambulatory assessment.15 Health providers may not log diag-
nosis codes for observed conditions that do not require treat-
ment, diagnostic testing, or referral.8 Previous studies further
report incompleteness and significant variability in provider
agreement on problem lists,16 and significant burnout due to
EHR use among providers17–19 resulting in less time-treating
patients, incomplete chart notes, and duplicate records.17

These factors can collectively contribute to deficiencies in
EHR data accuracy, quality, and level of detail.20 This can
subsequently pose challenges for not only clinical care,21 but
also research including disease case identification14,22 and
longitudinal analyses.20 In the context of enigmatic diseases,
these deficiencies can further challenge attempts to under-
stand and describe (i.e., “characterize”) the disease, derive
accurate and comprehensive evaluations of patient’s disease
status and subsequently target their needs.

One approach to circumvent these limitations is to aug-
ment the EHR data with direct patient input obtained
through self-tracking.23–25 Self-tracking is defined as the
practice of repeatedly collecting data and reflecting on it
to acquire knowledge or achieve a goal such as behavior
change.26–29 Since these data capture patients’ day-to-day
experiences outside of formal clinical settings,28,30 they can
aid in differential diagnosis31 and monitoring of disease by
providing additional information not obtained from the EHR.
In addition to contributing to better patient care and shared
clinical decision-making,24,32–34 including the patient in the

data generation and sharing process further circumvents
placing additional documentation burden on the provider
at point of care. As such, this approach could be an attractive
alternative to efforts to increase provider EHR documenta-
tion responsibility.35 The potential impact of self-tracked
health data through mHealth technology for informing evi-
dence-based care is acknowledged by many,36,37 including
theWorldHealthOrganization (WHO) stating that it can help
address the growing burden of chronic disease.38 These
factors collectively provide impetus for investigating the
data elements that can be elicited from mobile patient
tracking data for describing enigmatic diseases.

One such enigmatic condition is endometriosis: a systemic,
estrogen-dependent inflammatory condition with a range of
debilitating symptoms,39 comorbidities,40 and associated with
significant impact on daily function and quality of life
(QoL).41,42 Chronic pelvic pain is its most frequent symptom43;
others include pain with sexual intercourse (dyspareunia),
painful urination (dysuria), and ovulation pain.44,45 Endome-
triosis is associatedwith aproductivity loss of6.3 hours/week46

and an estimated $69.4 billion per year in excess health
expenditures in the United States,42 and is the second leading
indication forhysterectomy.47Despite itsprevalence rateof10%
among women of reproductive age,44 endometriosis is an
underfunded disease48 that is still considered “clinically con-
fusing” and “surprising,”44,49 with no cure or adequate treat-
ment to date. There further is substantial between-patient
variation in its clinical manifestations,44,49 which likely con-
tributes to the approximately 6.7 (� 6.3) year delay between
symptom-onset and its surgical diagnosis,50 and the difficulty
of understanding its heterogeneous pathophysiology and iden-
tificationofpossiblesubtypes (i.e., “phenotypes”) of thedisease.

As a disease demographic, endometriosis patients further
face inequities with respect to access to clinical care,40,51

including inadequate insurance coverage of endometriosis-
related treatments,40,52 and gender bias and attitudes influ-
encing physician’s diagnostic and treatment decisions,53,54

which could be contributing to the underdocumentation of
the patient’s disease experience. An investigation55 of the
patterns of prevalence, incidence, and frequency of endome-
triosis reported that no data are available across the past
30 years to attempt to document changes in presenting
symptom severity, life impact, or short- or long-term prog-
nosis among women with endometriosis. Failure to obtain
the right data about these patients is a missed opportunity
for effectively targeting their unique needs,56 and we pro-
pose that this lack of proper documentation can be augment-
ed through patient self-report. Improving documentation
can provide the foundation to address the inequities in
diagnosis and care for those with endometriosis and that
including the patient in the generation of such documenta-
tion can be a starting point in this endeavor.

Our inquiry is in linewith the goal of LHS to create patient-
centered care systems and is further supported by previous
recommendations57 for leveraging health information tech-
nologies to support and implement this goal. It is proposed
that patient-centered information technologies can be lever-
aged to democratize the health care system within the LHS
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through patient engagement and inclusion in knowledge co-
creation. As such, our study addresses a timely question by
exploring the potential of patient self-tracking for augment-
ing the currently relied upon clinical data sources.

Objectives

Using endometriosis as a grounding example, we investigate
theadditional information that canbegained throughmHealth
self-tracking on conditions that are poorly understood and
documented. Accordingly, this study aims to (1) describe
endometriosis pain problems documented through self-track-
ing and in the EHR to investigate the potential of self-tracking
for augmenting the EHR documentation, (2) quantify the
between- andwithin-person fluctuations in pain to character-
ize the dynamic nature of endometriosis, and (3) asses endo-
metriosis impact on daily function and its self-management
documented through self-tracking as additional data elements
that can provide information about the burden of disease and
possible points of intervention for disease management.42,43

Methods

Study design and protocols were approved by the Columbia
University IrvingMedical Center (CUIMC) Institutional Review
Board (AAAQ9812). This was a retrospective study conducted
with data from two independent samples of women with a
clinician or surgery confirmed diagnosis of endometriosis.

Self-Tracking Sample
Weobtained self-tracking data from Phendo, an observational
research app for tracking endometriosis symptoms and avail-
able for iOS1 and Android.2 Phendo allows anyone with
endometriosis around the world to download the app at any
time to characterize their endometriosis experience by track-
ing symptoms, activities, and self-management techniques.
Users are free to track asmuch or as sporadically as they wish,
and they do not receive any prompts or requests to track a
specific variable from the research team. Endometriosis diag-
nosis is determined through self-report based on participants’
response to a question asking whether the participant has
endometriosis and if so, how it was diagnosed (i.e., surgery or
clinician confirmation). Phendo was designed using a partici-
patory design approach through a series of qualitative and
quantitative studies with endometriosis patients, with the
goal of creating a patient-centered tool that engages the user
as an active participant in the research on better understand-
ing endometriosis.58–60As such, users of Phendo self-track as a
form of participatory research to contribute to creation of
better documentation of the patient disease experience.
Aligned with goals of the LHS for promoting patient engage-
ment,6,61 these aspects of Phendomake it particularly suitable
for undertaking this investigation.

Electronic Health Record Cohort Extraction
The Observational Health Data Sciences and Informatics
(OHDSI) de-identified instance of the CUIMC Data Ware-
house62,63 was queried to select a cohort of endometriosis

cases for description of pain problems documented in the
EHR. The CUIMC EHR system is used across the medical
center university hospitals, clinics, and doctors’offices across
the City of New York, which has a population of approxi-
mately 8.44 million, including 43% White, 24% Black, 14%
Asian, 15% other race, and 3.5% two or more races.64 The
clinical data warehouse includes both inpatient and outpa-
tient records and contains 36,578 “concepts” (i.e., clinical
entities such as findings, diagnoses, drugs, and procedures)
including 11,952 conditions, 12,334 drugs, and 10,816 pro-
cedures from 5,364,781 patients.65

We extracted the data using the OHDSI Observational
Medical Outcomes Partnership (OMOP) CommonDataModel
(CDM)62,66,67 and SNOMED CT as the standardized EHR
vocabulary.68 The CDM formally specifies the encoding and
relationships among EHR concepts in a consistent and stan-
dardized way using a hierarchy of subtypes.62,68 This har-
monizes disparate coding systemswithminimal information
loss to a standardized vocabulary by mapping source con-
cepts from different systems (e.g., ICD-9, ICD-10, RxNorm,
CPT4, NDC, etc.) onto a standard concept ID during the
extract-transform-load (ETL) process. SNOMED CT is the
designated U.S. standard terminology for EHR diagnosis
and problem lists, and has distinct advantages over ICD
codes for capturing discrete patient care diagnoses.69,70 It
hierarchically organizes concepts, which allows aggregation
of information based on subtype classification. More specific
(i.e., descendent or child) concepts have more granularity
and detail, whereas more general (i.e., ascendent or parent)
concepts have less granularity and clinical detail, but they
aggregate similar subtype concepts (e.g., “abdominal tender-
ness of left lower quadrant” and “right lower quadrant pain”)
into logical groups (e.g., “abdominal pain”) which can be a
desirable feature when conducting statistical analyses.

Electronic Health Record Sample
A cohort of women with endometriosis in the EHR was
created using the following set of criteria that have previ-
ously been demonstrated71 to have a specificity of 93% and
precision of 85% for correctly selecting endometriosis
patients in the EHR: women 15 to 49 years old with an
endometriosis-related or endometriosis-prevalent proce-
dure, an endometriosis concept code 30 days prior or post
either of these procedures and documentation of an endo-
metriosis concept code after the initial procedure. For endo-
metriosis condition codes, we used the SNOMED concepts
“endometriosis” (129103003), “endometriosis of the ovary”
(266589005), “endometriosis of the pelvic peritoneum”

(198251001), and “endometriosis of the uterus” (76376003).

Outcomes

Self-Tracked Pain Problems
The Phendo app includes four pain-related questions
(►Table 1). Item “Where is the pain?” allows users to select
responses (e.g., “cervix,” “vagina,” and “chest”) using a visual
pain scale (►Supplementary Figure S1, available in the
online version), similar to the McGill Pain Questionnaire.72
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Item “any gastrointestinal/urine symptoms?” allows partic-
ipants to report painful bowel movements (i.e., dyschezia),
dysuria, and epigastric (e.g., gas) pain.

Pain Problems in the Electronic Health Record
We selected all pain-related problems documented in the
patients’ records and computed their prevalence rates to
describe documentation of endometriosis-related pain in the
EHR.We chose to investigate the problem lists in the EHRdue
to their relevance for both research and clinical practice.
Problem lists provide a structured, systematicway to contain
clinician notes, facilitating access to data and conducting
research.11 From a clinical standpoint, they improve efficien-
cy for multiple providers to coordinate patient management,
and for those who are taking care of new patients to
familiarize themselves with a patient’s problems quickly.73

Pain Variability
Investigations of within- and between-individual variability
in endometriosis pain were conducted using self-tracked
data from Phendo participants. While significant pain vari-
ability has previously been reported in other conditions,74

between- versus within-individual variability in pain over
time in endometriosis has not been quantified. We under-
took this investigation because disease course over time and
across patients can have important implications for deriving
comprehensive profiles of patient disease history and status,
identification of disease phenotypes,74 and for predicting
change in disease course or functional capacity over time.75

To jointly assess variability for both dimensions of area
and severity of pain, we created a composite day-level pain
score by adding the severity scores reported for each body
area (e.g., moderate pain in abdomen,mild pains in chest and
legwould yield 2þ 1þ 1¼ 4 as the total score), removing any
problem-severity duplicate for the day. Removing day-level
duplicates for pain area-severity pairs circumvents several
issues: (1) the possibility of rumination/catastrophizing,
which might look like, for example, a participant tracking

the same intensity of pain in the same area multiple times
within a span of several hours, (2) to account for the day-level
tracking habits of the participants (e.g., some participants
might track a pain area once at the end of the day even if they
experience it multiple times during the day), and (3) any
possible errors during data transfer from the app to the data
warehouse (e.g., if there is no reception or wi-fi at the time of
tracking, there might be a delay in data dumping, potentially
though infrequently leading to duplicates of the entry into
the data warehouse).

Additional Data Elements
Prevalence of affected daily function tasks and self-manage-
ment techniques were assessed for the Phendo sample.
Participants can track free-text responses to these two items,
which then get mapped onto common terms for standardi-
zation (e.g., “go to a family gathering,” “hang out with
friends” get mapped onto “socialize”). This standardization
process has been used in other previous research from our
group,71,76 which we maintain for this analysis, and rely on
published literature43,52 for generalizability and compara-
bility of the prevalence estimates.

Data Analytic Approach

Prevalence of Pain Problems
In Phendo, we computed total counts and percentages of pain
problems across the entire sample by including the total
sample size in the denominator instead of limiting to the
number of participants to those who ever tracked a pain
problem, as a more conservative approach. In the EHR
sample, we computed counts and percentages of pain prob-
lems, aggregating at the ascendent concept level, as this
allows for logical groupings of pain problems.

For pain problems that exist in both samples, we con-
ducted two-sample tests for equality of proportions.77 We
further computed the standardized z scores and the confi-
dence intervals around the difference between the two

Table 1 Phendo pain-related variables and tracking statistics (n¼ 6,925)

Question Sample
size

Tracked instances
(median/mean/SD/range)

Tracking frequency in
days (mean/SD/range)

Where is the pain?
How severe is the pain?a

5,205 42/105.5/162.5/1–965 6.3/26.4/1–1,147

Any other pain symptoms?b

How severe is the symptom?a
4,413 25/66.6/103.8/1–536 8.2/30.7/1–1,147

Any gastrointestinal/urine issues?
How severe is the symptom?b

4,578 30/71.9/106.8/1–573 7.4/29.1/1–1,147

How was sex? (dyspareunia) 676 50/85.0/87.5/1–344 4.7/19.7/1–609

Which activities are hard to do? 5,764 36/96.5/142.1/1–708 5.5/28.2/1–999

What did you do to self-manage?
Did it help? (“helpful” or “not helpful/no effect”)

6,025 40/106.0/164.9/1–958 5.3/27.4/1–1,019

Abbreviation: SD, standard deviation.
aSeverity of the pain is tracked as “mild” (1), “moderate” (2), and “severe” (3).
bResponses to item “any other pain symptoms?”were included to capture pain reports in instances where a participant might have tracked this item
but not item 1 or 3.
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proportions.78Weapriori chose to compute prevalence rates
based on the aggregate parent concepts due to reasons
related to the EHR data architecture described earlier (See
Electronic Health Record Cohort Extraction).

Variability of Pain
To describe the distribution of severity levels across pain
problems at the sample level, we computed frequencies of
three severity levels for each body area (i.e., each pain
location-severity combination is summed and divided by
the participant’s total counts of tracks to account for tracking
frequency). To quantify pain variability, we first computed
the ratio of within-person to between-person variability75

(i.e., average within-person standard deviation (SD) divided
by the SD of the overall mean of all the participant-level
mean scores). This ratio provides a standardized expression
of the temporal variability relative to the distribution of the
sample scores.75 This is analogous to computing an effect size
(e.g., Cohen’s d or a t-score) where the magnitude of effect is
expressed in SDs, and provides two advantages that make it
particularly suitable when there is both substantial average
within- and between-person variability in the data. First,
because change is expressed as a standardized score, change
and its statistical significance can be evaluated for an indi-
vidual without referring to scores from other individuals.
Second, it incorporates between-person differences in mag-
nitude of variability by adjusting the change in terms of each
individual’s magnitude of variability.75

Next, we estimated the between- and within-person var-
iances using a linear mixed-effects model (LMM) where day-
level pain was regressed on the grouping variable of partici-
pant as a randomeffect. LMMs are commonly used in repeated
measures designs and provide estimates of variance in the
outcome (i.e., pain) explained by the predictor variables (i.e.,
participant).79 The predictor term for participant in themodel
is included as a random effect, which handles nonindepen-
dence in the data and estimates a separate intercept for each
participant. This provides an estimate of the between-partici-
pant variance, that is, variation in pain explained by the
“grouping structure”where, group here refers to each partici-
pant. In this type of model where the only predictor is the
participant variable and the intercept, the total variance is
assumed to equal to the sum of between-participant and
within-participant (i.e., the residual) variances. Using these
estimates,we computed the intraclass correlation (ICC),which
is calculated as thevariance amongparticipantmeansover the
sum of participant-level and data-level (residual) variances.80

The ICC (also referred to as “repeatability”) is a common and
recommended measure for assessing stability or fluctuation
over time, and represents the fraction of the total variance in
the population of interest that can be attributed to variation
among groups.80 It further provides an estimation of the
expected correlation between two randomly drawn units
that are in the samegroup81 (e.g., two repeatedmeasurements
of pain for one individual). Larger ICC values indicate larger
within-group correlation or repeatability and larger magni-
tude of the variance explained by the between-group varia-
tion. Finally, we estimated the confidence intervals for the ICC

usingparametric bootstrapping and thestatistical significance
of the ICC in the LMM using a likelihood ratio test (LRT).80,82

The LRT assessesgoodness-of-fit between two competing (e.g.,
null and alternative) models by comparing their log
likelihoods.

Additional Data Elements
Using the Phendo sample, we computed prevalence rates for
daily function tasks, self-management techniques, and fre-
quency of effectiveness (and its SD) of each self-management
technique.

Results

Sample Characteristics
Phendo sample characteristics are provided in ►Table 2.
There were 6,925 participants with a surgical- or clinician-
confirmed diagnosis of endometriosis who responded to at
least one of the questions pertaining to pain, daily function
tasks, or self-management techniques. The EHR query iden-
tified 4,389 endometriosis patients, which translates to a
prevalence of 0.4% documented endometriosis cases (i.e., out
of 1,097,250 females in the same age bracket documented
within the same time frame) in the clinical database. The
sample consisted of women aged 14 to 49, with amean age of
36.4 (SD¼ 7.4) and median age of 37 (mean absolute devia-
tion¼ 7.4). With respect to race, 1,227 (56.0%) were white,
431 (9.8%) were Black/African-American, 202 (4.6%) were
Asian, 18 (0.4%) were other Pacific-Islander, 23 (0.5%) were
Asian Indian, 3 (0.06%) were American Indian or Alaska
Native, 20 (0.4%) were of other race, and 2,462 (56.0%) did
not have race data. Ethnicity data were unavailable on more
than half the patients; 651 (14.8%) were Hispanic, 1,420
(32.3%) were non-Hispanic, and no data were available from
2,318 patients. We further searched for data on other demo-
graphic factors (e.g., such as employment and education
status); however, no further information was available.

Outcomes

Description of Pain Problems in Phendo
Avisualdepictionof theprevalenceofpainproblems inPhendo
are provided in►Figure 1. Pelvic painwas the most prevalent
problem (57.3%), followed by lower back pain (49.2%) and
ovarian pain (43.7%). Gastrointestinal (i.e., epigastric and in-
testinal) problems collectively were prevalent in 55.9% of the
sample, comparable to that of pelvic pain. Unique pain prob-
lems identified through self-tracking included pain in ovaries,
uterus, vagina, cervix, dyschezia, dyspareunia, and rectal pain
(►Supplementary Table S1, available in the online version).

Description of Pain Problems in the Electronic Health
Record
Pain problem counts and prevalence rates in the EHR sample
are provided in ►Supplementary Table S2 (available in the
online version). We identified 19 parent pain concepts and
101 unique descendent concepts mapped onto one or more
parent concepts. Abdominal pain was the most prevalent

Applied Clinical Informatics Vol. 11 No. 5/2020

Self-Tracking Data and Clinical Documentation in Endometriosis Ensari et al. 773



pain problem (36.5%), followed by pain in pelvis (29.8%). Rest
of the pain problems were documented for less than 10% of
the patients, including chest pain (9%), dysuria (4.3%), and
backache (6.8%). Of note, 856 pelvic pain concepts were also
mapped under “abdominal pain,”which included dysmenor-
rhea, renal colic, and bladder pain. Excluding these repeated
cases, there were 1,147 unique “abdominal pain” concepts
documented in the EHR sample (26.1%). Upon further in-
spection, we identified 101 instances of breast pain under
the “chest pain” concept (2.3%), and 128 instances of epigas-
tric pain under “abdominal pain” (2.9%).

Two Samples Proportion Tests
Results from the two-sample proportion tests are provided
in ►Table 3. All pain problems were significantly more
prevalent in the Phendo sample (p¼ 0.01 for abdominal
pain, p< 0.001 for all others). Largest differences in propor-
tions were observed for back pain, headache/migraines, and
pelvic pain (►Table 3).

Variability in Pain

Qualitative Description of Variability
Visualization of self-tracked pain reports at different levels of
severity and through time indicated large variability in the
average intensities reported across participants (►Figures 2

and 3). Moderate pain was the most prevalent severity across
body areas (►Figure 2 top), in line with previous literature on
pain typology in endometriosis.45 However, tracking frequen-
cies of all three severity levels significantly varied for all pain
problems based on the SDs (►Figure 2 bottom). The trajecto-
ries of pain frequencies in a subsample of 194 participants over
a 4-week duration are depicted using a Sankey’s diagram
(►Figure 3 top), which is a type of flow diagram for showing
factors’ states and transitions over time.83 For easier visual
representation of the differential path transitions represented
by the “links” across 4 weeks, weekly frequencies are catego-
rized as low (<5 times), moderate (5–10 times), or high (>10
times). The cut-off points were selected such that each 5-point
interval corresponds to approximately half a SD, based on the
sub-sample’s mean (9.0) and SD (11.2) for weekly pain fre-
quency. The links connecting the bars (“nodes”) depict the
variability in the pain frequency through time, bothwithin and
between participants. The tile grid diagram (►Figure 3 bot-
tom)showsdailyfluctuations inpain locationandseverityover
time for a single Phendo participant. Darker colors indicate
largernumberofpain locations reportedby theparticipant. For
example, thedepictedparticipant reportedseverepain inthree
body locations onMarch 19, while onMarch 20, they reported
moderate and severe pain in six body locations each.

Quantitative Description of Variability
All participants who provided at least 7 days of tracking data
on pain were included in the variability analysis, yielding a
total of 43,539 person-level days from 1,534 Phendo partic-
ipants. Mean average (i.e., “mean of means”) day-level pain
score was 7.75 (SD¼ 5.61). Median average day-level pain
score was 6.21 (mean absolute deviation¼ 3.79). Within-

Table 2 Descriptive statistics for the Phendo sample

Participant characteristics Mean (SD)/Frequency (%)

Age (y) (N¼ 5,915) 29.6 (6.9)
Median¼ 28.9 (MAD¼ 7.2)

Body mass index (N¼ 5,522)a 26.5 (7.0)
Median¼ 24.7 (MAD¼ 5.6)

Endometriosis diagnosis

Surgically confirmed
Clinician confirmed

5,224 (75.4)
1,701 (24.5)

Employment status

Employed 3,876 (55.9)

Not employed 856 (12.3)

Student 844 (12.1)

Unknown 1,349 (19.4)

Race/Ethnicity

Non-Hispanic White 4,861 (70.1)

Non-Hispanic Black 160 (2.3)

Hispanic (White or non-White) 327 (4.7)

Asian 156 (2.2)

Native American 45 (0.6)

Other (including mixed
race/ethnicity)

371 (5.3)

Unknown 1,005 (14.5)

Marital status

Married/in a domestic
partnership

3,298 (47.5)

Separated/divorced 191 (2.7)

Single, never married 2,086 (30.1)

Widowed 3 (0.04)

Unknown 1,016 (14.6)

Living environment

Urban 2,428 (35.0)

Suburban 2,489 (35.9)

Rural 992 (14.3)

Unknown 17 (0.38)

Primary work location

Home 1,481 (21.3)

Outside home 4,084 (58.9)

Unknown 1,360 (19.6)

Education level

High school or less 831 (2)

Some college 1,828 (26.3)

College or higher 3,251 (46.9)

Unknown 1,015 (14.6)

Abbreviations: BMI, body mass index; MAD, mean absolute deviation;
SD, standard deviation.
Note: Unknown indicates not tracked by the participant in the Phendo
app profile, and therefore, data are not available.
aValues below 12 and over 70 are excluded from BMI summary statistics.
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person SD in day-level pain was 5.17 (SD¼ 3.45). Expressed
in SDs to obtain a standardizedmeasure of thewithin-person
variability75 (5.17/5.61), this yields a ratio of 0.92 and similar
to other effects sizes, can be interpreted as large.75

Results of the LMM analysis are provided in►Table 4. The
ICC was 0.42 (95% confidence interval¼ 0.40–0.44) and was
statistically significant (LRT Chi-square¼ 22,600, p< 0.001).
This indicates that the 42% of the variance in daily pain is
attributed to between-participant variation and that pain
scores are significantly correlated from day to day for each

participant. Within-person variance estimate was 38.72,
indicating that approximately 58% of the total variance in
daily pain is attributed to within-participant variation
(►Table 4). A plot of each participant’s estimated mean
scores and confidence intervals are provided in ►Figure 4,
demonstrating the variability that occurs across participants
(x-axis), and within-participant (y-axis). Taken together,
these suggest that substantial variability occurs not just
between participants but also within-participant over
time. Of note, number of tracked days was not a significant

Fig. 1 Prevalence of pain problems reported in the Phendo sample.

Table 3 Results of the two-sample test for equality of proportions

Pain problem
(SNOMED ID)

EHR counts
(proportion)

Phendo counts
(proportion)

Chi-square
statistic

95% CI z statistic

Abdominala (200219) 1,603 (0.36) 2,690 (0.38) 6.14 (p¼ 0.01) �0.04 to 0.004 �2.47

Abdominal
(200219)

885 (0.20) 2,690 (0.38) 433.74b �0.20 to 0.17 �20.82

Headache/Migraines
(378253/318736)

480 (0.05) 2,644 (0.38) 1,494b �0.33 to 0.31 �38.65

Backache (134736) 299 (0.06) 3,414 (0.49) 2,198.30b �0.43 to 0.41 �46.88

Chest (77670) 405 (0.09) 1,026 (0.14) 75.93b �0.06 to 0.04 �8.71

Joint (77074) 334 (0.07) 733 (0.10) 27.83b �0.04 to 0.02 �5.27

Dysuria (197684) 191 (0.04) 944 (0.13) 256.33b �0.10 to 0.08 �16.01

Lower limb (4024561) 261 (0.05) 1,998 (0.28) 882b �0.24 to 0.21 �29.69

Upper limb (4009890) 149 (0.03) 419 (0.06) 39.73b �0.03 to 0.06 �6.30

Hip (200219) 35 (0.003) 570 (0.08) 338.49b �0.08 to 0.07 �18.39

Bone (4129418) 16 (0.03) 570 (0.08) 338.49b �0.003 to 0.08 �18.39

Pelvis (4147829)a 1,312 (0.29) 3,969 (0.57) 811.57b �0.29 to 0.25 �28.48

Abbreviations: CI, confidence interval; EHR, electronic health record.
Note: 95% confidence interval built around the difference in proportions.
aIncludes the 885 conditions that are mapped under both “abdominal pain” and “pain in pelvis.”
bp< 0.0001.
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covariate in the variance estimation model (B¼ 0.001, stan-
dard error¼ 0.003, t¼ 0.485, p¼ 0.62), or correlated with
pain scores (Pearson’s r¼ 0.01, t¼ 0.41, p¼ 0.68). Therefore,
it was not included in the final model as a covariate.

Additional Data Elements
Prevalence rates of reported affected daily function tasks are
provided in►Table 5. We identified a total of 22 distinct tasks
reported by the participants, who on average reported three
unique affected tasks (SD¼ 2.2, range¼ 1–14). Working
(53.1%), getting out of bed (52.2%), standing (47.4%), and using
the toilet (47.3%) were the most frequently reported tasks. Of
note, 43% of the participants reported sleeping as an affected

task. Similarly, there were multiple physical mobility-related
tasks reported including sitting, walking, and climbing the
stairs, reported by at least 30% of the participants.

Prevalence rates of all self-management techniques are
provided in ►Figure 5 and ►Supplementary Table S3 (avail-
able in the online version). Participants reported a median of
three unique techniques (mean¼ 3.21, SD¼ 2.21, range¼ 1–
14). Rest and using a heat pack were the most prevalent (52.4
and 50.7%, respectively). Assessment of effectiveness frequen-
cy indicated considerable variability in the reported helpful-
ness of the techniques. For example, breathing exercises
(reported as the third most frequently used technique by
38%) and ice packs were tracked as unhelpful 51 and 52% of

Fig. 2 Top: Prevalence of mild, moderate, and severe pains by body location as reported in the Phendo cohort. Each body area-intensity pair
counted once per participant. For all body locations, participants tracked predominantly moderate pain, with severe pain as second most
common, and mild as least common. Bottom: Mean proportion of severity reported for each body area normalized by total tracks of pain reports
and averaged across the sample. One-sided error bars were used for visual display purposes and represent standard deviations.
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the time on average. Moreover, even though rest was themost
prevalent technique, it was reported as helpful only 55.3% of
the time on average. On the other hand, acupuncture and
medical marijuana were the least prevalent (2.8 and 4.6%,
respectively) but most frequently effective techniques on
average (78.4 and 74.6% of the time, respectively).

Discussion

In this study, we investigate the potential of using direct
patient input via mobile technology to identify additional
data elements that can be obtained for contributing to

existing data sources in the context of enigmatic disease:
(1) improve prevalence estimates and characterization of
traditionally underdocumented diseases, (2) provide multi-
dimensional data (e.g., symptom severity, location, and
temporal fluctuations84) on the disease for generating infor-
mation that can aid in the personalization of care, and (3)
provide contextual information to characterize burden of
disease under real life circumstances and identify possible
points of intervention. To our knowledge, this study is the
first to provide a quantitative analysis to demonstrate how
participatory research-based self-tracking data compare
with EHR and what additional information could be
extracted for investigation of underdocumented diseases.

Our finding that pelvic pain is the most prevalent symp-
tom in our sample is in line with previous studies that use
self-reported questionnaires to assess pain symptomology in
endometriosis.45 We extend this by reporting significantly
fewer instances of pelvic pain and lack of any documentation
of several other endometriosis-related pain problems (e.g.,
dyschezia85) in the EHR. Similarly, epigastric problems were
significantly underdocumented in the EHR, even though this
was the fourth most frequently reported problem in the
Phendo sample. This could be due to various reasons. There
could have been a higher number of patients presenting with
epigastric pain, but these instances might have been docu-
mented as “abdominal pain” by the provider in the EHR
without providing further details. From the patient’s

Fig. 3 Top: Sankey diagram of pain frequencies over time in a sample of 194 Phendo participants over the course of a 4-week period. Weekly
frequencies are categorized into low (<5 times), moderate (5–10 times), and high (>10 times), depicted by the different colors. The links depict
the variability in the pain frequency through time, both within participant, and between participants. Bottom: Daily fluctuations in pain intensity
over time for a sample individual in the Phendo cohort by severity and number of pain locations. Darker color indicates larger number of pain
locations reported by the participant. For example, the depicted participant reported severe pain in three body locations on March 19, while on
March 20, they reported moderate and severe pain in six body locations each.

Table 4 Between- and within-person variance estimates
obtained from the linear mixed-effects model (n¼ 1,534)

Between-person
variance (t^2)

Within-person
variance (σ^2)

Variance SD
(95% CI)

Variance SD
(95% CI)

Pain
score

28.7 5.3
(5.1–5.5)

39.2 6.2
(6.1–6.2)

Abbreviations: CI, confidence interval; ICC, intraclass correlation coef-
ficient; SD, standard deviation; SE, standard error.
Note: Phendo participants who provided at least 7 days of data were
included in the analysis. Number of days was not a significant predictor
in the model (B¼ 0.001, SE¼ 0.003, t¼ 0.485, p¼ 0.62) and therefore
excluded from the final models for estimating variances and the ICC.
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perspective, previous studies report patient resistance to
disclosing pain,86 and that patient’s physical pain can nega-
tively affect patient–provider communication.87 It is possible
that patients feel less stigmatized when sharing their symp-
toms through a mobile app rather than directly sharing with
their physician.53,88 Another possibility could be lack of
adequate health insurance for access to point of care, which
has been linked to not only delays in diagnosis, but also
disparities in primary and/or specialist care and treat-
ment.40,89 A similar study90 comparing patient self-reported
surveys to EHR problem lists and chart notes for common
medical conditions reported that fewer than half of the 380
problems were shared across the data sources, and that 22%
of all diagnoses were found only in patient self-report. Our
findings reinforce these findings in demonstrating direct
patient input provides an opportunity to bring these differ-
ent data sources together to improve our understanding of
patient health history and disease status.90 We further
demonstrate the added value of mHealth tools designed
based on participatory research to promote patient engage-
ment and self-tracking for improving our understanding of
diseases that are underdocumented and clinically not well
understood. Within the LHS framework, these have been
identified as opportunities for patient inclusion to democra-
tize the health care system.57

Assessment of variation in pain indicated substantial
between- and within-individual variability in our sample,
which is in line with findings from other chronic pain
samples reported in the literature.74 It has been long alluded
to that endometriosis is a heterogeneous disease that fluc-
tuates in symptomswithin individual over time, and that the
magnitude of this fluctuation is moreover variable across
individuals, yet this has not been quantified. Our results
provide quantitative support for the dynamic nature of

Fig. 4 Plot of the person-level pain scores estimated from the multilevel model (n¼ 1,534). Y-axis (“effect range”) represents pain scores. Each
black dot represents one participant and gray lines indicate 95% confidence intervals. Distribution of points across the x-axis indicate large
variability across individuals (i.e., between-group variance). Dark gray lines indicate random effects that are statistically significant.

Table 5 Prevalence of daily function tasks reported (%) in the
Phendo sample

Daily function task Count Prevalence (%)

Working 3,681 53.1

Getting out of bed 3,619 52.2

Standing 3,287 47.4

Using the toilet 3,281 47.3

Sitting 3,273 47.2

Walking 3,214 46.4

Socializing 3,122 45.1

Sleeping 2,950 42.6

Dressing 2,706 39.0

Climbing stairs 2,334 33.7

Running 2,294 33.1

Eating 2,292 33.1

Preparing food 2,230 32.2

Stretching 2,191 31.6

Lying down 1,917 27.6

Jumping 1,812 26.1

Sex 1,778 25.6

Housework 1,755 25.3

Shopping 1,638 23.6

Lifting 1,469 21.2

Kneeling 1,309 18.9

Bathing 854 12.3

Note: Out of the total 6,925, all 5,764 participants tracked at least one
daily function task in Phendo. Denominator of 6,925 is used to compute
prevalence rates.
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endometriosis pain and quantifying this variability is a
starting point for being able to derive clinically relevant
associations. That a patient’s pain symptoms over time
fluctuate almost as much as the variability in overall pain
experience observed across a sample of patients indicates, at
minimum, that information gathered about a patient at
single contact time point (e.g., doctor office visit) might
not be representative of the person’s overall disease experi-
ence as it unfolds over time. Similarly, attempts to character-
ize endometriosis through data collection designs relying
solely on EHR problem lists might yield incomplete or biased
results, findings supported by previous studies conducting in
other conditions.14,16,90 From a clinical standpoint, pain
variability has been demonstrated to be predictive of treat-
ment response and disease outcomes.79,91 For example, a
study79 reported that higher within-person pain variability
at baseline in a randomized controlled trial for a fibromyalgia
pain drugwaspredictive of placebo response and nonspecific
treatment effects. In another study with fibromyalgia
patients, authors demonstrated that between- and within-
person variability predicted disease symptomology clusters
and help identify disease phenotypes. In sum, frequent
monitoring can capture this dynamic nature of chronic
pain, yielding a more comprehensive and accurate disease
profile thanwhat can be estimated through EHRwhich relies
on contact incidence.

Our observations on prevalence of impaired daily func-
tion are in line with others who report substantial disease

impact on QoL in endometriosis.43,50,52 For example, Phendo
participants reported work as their most affected task and
almost half of the sample report their sleep being affected by
their endometriosis, findings previously reported in a survey
with 107 Puerto Rican women (mean age¼ 34.5) with en-
dometriosis.43 In addition, our findings on the prevalence of
socializing and walking as affected daily function tasks are
closely alignedwith those reported in another sample of 193
Puerto Rican women with endometriosis (45.0 vs. 48% and
46.4 vs. 41.4%, respectively).52 With respect to self-manage-
ment techniques, acupuncture was self-reported as effective
most of the time (�87%), though only 2.8% of the Phendo
participants reporting its use. Similarly, physical therapywas
reported by only 4.6% of the participants. These low frequen-
cies might indicate lack of access to such treatments, based
on prior evidence that insurance coverage, costs and changes
in insurance policy have been identified as significant bar-
riers to receiving musculoskeletal (e.g., physical and pelvic)
therapy and rehabilitation services.92 The ability to identify
these nuances in patient experiences with respect to their
disease management is another strength of using direct
patient input via mobile technology. Though beyond the
scope of the aims of this study, between-individual variabili-
ty in the effects of self-management techniques merits
further investigation. Taken together with our observations
on the self-management technique effect variability, these
findings not only underscore the burden of endometriosis
and its impact on daily living, but also the potential of using

Fig. 5 Average effect of self-management techniques reported by the Phendo participants (n¼ 6,025). One-sided error bars were used for visual display
and indicate standard deviations. Proportions of each technique tracked as helpful or unhelpful (i.e., “did not help” or “no effect”) out of the total number of
times trackedwas averagedacrossall participants. Therewas significant variability as indicatedby thestandarddeviations. For example, for theaverageuser,
acupuncture was reported to be helpful approximately 75% of the time, and unhelpful approximately 25% of the time.
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direct input from the patient for identifying suitable targets
for intervention and effective strategies for symptom
management.

While mHealth and self-tracking for self-management
and improving health care have been widely advocated
both by the scientific community93,94 and public health
agencies (e.g., WHO),38 their use to generate better evi-
dence about chronic diseases is still rare.95,96 We demon-
strate that self-tracking data can be valuable particularly
for conducting observational research on pain-related dis-
eases that are poorly understood and/or studied. Another
strength of our study is the participatory design aspect of
Phendo, which ensures that the items included in the app
are relevant to the patient population. This has been
identified as a way to improve study retention and long-
term adherence to tracking,97 which is particularly impor-
tant when the goal is to increase documentation base for an
enigmatic disease.60 Indeed, the prevalence rate of endo-
metriosis cases in our EHR database was 0.4%, which is
substantially lower than the reported 10% prevalence esti-
mated in the population. This provides further rationale for
focusing efforts to augment the typically relied upon EHR
databases through direct patient input to promote patient
engagement and inclusion in the data generation process,
which have been recommended as approaches for accom-
plishing the patient-centered-care system promoted within
the LHS framework.57 Self-tracking facilitates documenta-
tion of not only severe pain, but also mild and moderate
pain instances. This can reduce the likelihood of over-
representing severe cases, a potential limitation of EHR.41

Daily tracking allows for monitoring acute pain, which can
have distinctive differences in physiology compared with
chronic pain,98 but still be associated to subsequent risk for
developing chronic pain in clinical populations,99,100 par-
ticularly in women.101 As such, information on temporal
fluctuations can improve our understanding of the dynamic
course of the disease and subsequently making timely
clinical decisions.

We note the potential of patient self-recording for im-
proving the completeness of demographic data in the health-
care systems. This paucity of data on common demographic
factors (e.g., race, ethnicity and education level)102 and the
exclusive reliance on ICD-9 coding103 in the EHR is a com-
monly reported issue in the literature.104 In a recent
study,105 among the 2.4 million patients in New York Pres-
byterian Hospital healthcare system’s EHR (used also for
extracting the EHR sample in this study), race, or ethnicity
was unknown for 57%, compared with 86% when patients
directly recorded themselves. Accomplishing this is critical
for supporting precision medicine initiatives and reducing
health care disparities and inequities.

We note several limitations in our study. First, we had
independent samples of women with endometriosis, and
as such there might have been differences in characteristics
of the two samples that influence the proportion estimates.
Next, we were unable to conduct statistical tests of signifi-
cance for pain intensity, frequency of their fluctuations,
and self-management techniques and daily function tasks

reported, as these data were not provided in the EHR for
our sample. Third, EHR data from the clinical warehouse
were available from January 1996 onward; therefore, our
search precludes identification of cases prior to that year.
Demographic factors were substantially missing in the
EHR, an observation that has been consistently reported
by others in the literature.102,103,105 Likewise, some of the
demographic information was also missing in the Phendo
sample. The study samples therefore might not be repre-
sentative of endometriosis patients of some socioeconomic
and ethnic/racial backgrounds. Though we are not aware of
race/ethnicity as a predictive risk factor for endometriosis
diagnosis, we cannot ascertain if these results would have
been different with a more diverse sample. Approximately,
60% of the Phendo participants self-reported residing in the
United States and approximately 30% reported residing in
other countries, whereas EHR data were obtained from a
single (though ethnoracially and linguistically diverse)
metropolitan city and we do not have data on the patients’
living or working environments. As such, there could be
differences between the two samples in comparison with
respect to environmental factors that could have influ-
enced the outcomes. Similarly, we do not know the exact
breakdown of specialist versus general medicine practi-
tioners using the EHR system. Though beyond the scope of
the present study, future studies could investigate pain
problem documentation by practitioner specialty area.

Finally, we note the challenges of investigations in the
EHR, a topic extensively discussed in the literature,106,107

which might have influenced our results. The ETL process
that converts the clinical data into the OMOP data tables is a
dynamic process that improves over time, but is not
completely error free. As such, the EHR search might have
missed some pain-related conditions. A recent study of EHR
problem list completeness and accuracy reports that pro-
viders struggle more with maintaining complete problem
lists for patients whose diseases status are less severe and
less symptomatic.16 Accordingly, some of the patients iden-
tified in the EHR cohortmight have reported additional pain-
related findings, but these might have not been documented
by the provider.

Conclusion

Patient self-tracking has been linked to increased self-effica-
cy, patient adherence, engagement as advocates in their
personalized care, and improved health outcomes.108–110

This approach can enhance the research process by increas-
ing inclusion of those prone to health inequities,111 including
disease-level inequities as demonstrated herein using endo-
metriosis as a grounding example. Direct patient input via
self-tracking can facilitate collecting and sharing informa-
tion in a timely manner without increasing provider docu-
mentation responsibility and associated burden. In the same
way, the EHR are both the source of information and the
target of interventions; mHealth applications could play a
critical role by promoting patient engagement in aspects of
the health care system.
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Clinical Relevance Statement

Use of mHealth technology for obtaining direct patient input
can supplement clinical documentation captured during
point of care to more accurately and comprehensively evalu-
ate patient health history and status. Patient inclusion in the
data generation and sharing process can further alleviate
burden due to EHR use, and enable patient as an active
participant in their care. This approach can be applied to
other conditions beyond endometriosis, especially those that
are chronic and fluctuating in symptoms over time.

Multiple Choice Questions

1. Which of the following is a primary endometriosis-related
problem detected in the self-tracking sample in line with
previous literature, but was found to be significantly missing
in the electronic health record (EHR)?

a. Hip pain
b. Pelvic pain
c. Breast pain
d. Headache

Correct Answer:The correct answer is option b. Pelvic pain is a
primary characteristic symptom in endometriosis. It was the
most prevalent problem in the Phendo sample (57.3%, com-
pared with 29.8% in the EHR), a finding in line with previous
studies that assess pain symptomology in endometriosis.45

Uponcomparison,wefurther report significantly fewer instan-
ces of epigastric pain and dysuria in the EHR, as well as other
endometriosis-related pain problems (e.g., dyschezia85).

2. Which contributory aspect of direct patient input via
mobile technology is investigated in this study?

a. Increase the number of patients we can add into the
Learning Health System (LHS)

b. Increase the mHealth use among stakeholders of LHS
c. Expand upon the characterization of burden of disease in

the EHR
d. Increase documentation on diseases that are

underdocumented

Correct Answer: The correct answer is option d. While there
are numerous potential benefits of including direct patient
input to complement information gathered from EHR for
conducting research and informing medical decisions, this
study focuses on how these data could help generate addi-
tional information on underdocumented diseases (e.g., en-
dometriosis) that would not be possible to obtain from EHR.

3. In addition to clinical conditions, what other type of
information has been indicated to be significantly under-
documented in the EHR?

a. Patient preferences for treatment
b. Diagnosis dates
c. Demographic factors
d. Date of documentation

Correct Answer: The correct answer is option c. Information
on common demographic factors (e.g., race, ethnicity, and
education level) were substantially missing in the EHR in our
analyses, an observation that has been also reported by
others in the literature. For example, a study105 reported
that among the 2.4 million patients in a large New York City
university health care system’s EHR, race, or ethnicity was
unknown for 57%, comparedwith 86%when patients directly
recorded themselves.

4. This study investigates endometriosis pain variability based
on patient self-reported data collected frequently over time.
What do the results of the linear mixed model (LMM) with
respect to the estimated intercepts (►Figure 4) indicate?

a. The ratio of within-participant to group-level pain vari-
ability is comparable.

b. The mean day-level pain scores substantially vary across
participants.

c. There is significant intraclass correlation of pain scores
over time.

d. Within-participant variation in daily pain accounts for
58% of the total model variance.

Correct Answer: The correct answer is option b. The use
of LMM with a random intercept for participant allows
estimation of a separate person-level mean in daily pain
scores, represented by the intercept. This random effect
was statistically significant in the model, indicating that
there is substantial variability across participants in their
daily pain levels. This is depicted in ►Figure 4 where
variability across participants is apparent across the x-axis,
while within-participant variability is apparent across the y-
axis, represented by the variable 95% confidence intervals.

Protection of Human and Animal Subjects
All procedures performed in studies involving human
participants were in accordance with the ethical stand-
ards of the institutional and/or national research commit-
tee and with the 1964 Helsinki Declaration and its later
amendments or comparable ethical standards. All proce-
dures followed were in accordance with ethical standards
of the responsible committee on human experimentation
(institutional and national) and with the Helsinki Decla-
ration of 1975, as revised in 2000. Informed consent
was obtained from all patients for being included in the
study.
• Available at https://itunes.apple.com/us/app/phendo/
id1145512423

• Available at https://play.google.com/store/apps/details?
id¼com.appliedinformaticsinc.phendo
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