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Abstract.
Background: Free-text, verbatim replies in the words of people with Parkinson’s disease (PD) have the potential to provide
unvarnished information about their feelings and experiences. Challenges of processing such data on a large scale are a barrier
to analyzing verbatim data collection in large cohorts.
Objective: To develop a method for curating responses from the Parkinson’s Disease Patient Report of Problems (PD-
PROP), open-ended questions that asks people with PD to report their most bothersome problems and associated functional
consequences.
Methods: Human curation, natural language processing, and machine learning were used to develop an algorithm to convert
verbatim responses to classified symptoms. Nine curators including clinicians, people with PD, and a non-clinician PD expert
classified a sample of responses as reporting each symptom or not. Responses to the PD-PROP were collected within the Fox
Insight cohort study.
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Results: Approximately 3,500 PD-PROP responses were curated by a human team. Subsequently, approximately 1,500
responses were used in the validation phase; median age of respondents was 67 years, 55% were men and median years since
PD diagnosis was 3 years. 168,260 verbatim responses were classified by machine. Accuracy of machine classification was
95% on a held-out test set. 65 symptoms were grouped into 14 domains. The most frequently reported symptoms at first
report were tremor (by 46% of respondents), gait and balance problems (>39%), and pain/discomfort (33%).
Conclusion: A human-in-the-loop method of curation provides both accuracy and efficiency, permitting a clinically useful
analysis of large datasets of verbatim reports about the problems that bother PD patients.

Keywords: Patient-reported outcome, measurement, Parkinson’s disease, machine learning

INTRODUCTION

Increasingly, there is an emphasis on patient-
reported outcomes (PROs) for use in clinical research
[1]. The vast majority of such instruments restrict
answers to a pre-specified range of responses. While
they allow the respondent to report on their health
state, the possible set of responses is constrained to
lie within the preconceived structure of the scale.
Measures that allow the respondent to report their
health state without such restrictions are rare and have
been minimally incorporated into quantitative clini-
cal research, either interventional or observational.
The advantages of such instruments include captur-
ing a fuller range of patient experience and potentially
increasing sensitivity to unanticipated effects of dis-
ease or interventions. On the other hand, instruments
allowing open-ended responses are challenging to
handle from privacy, data management, and analy-
sis perspectives, again restricting the scale on which
such data can be collected.

The Parkinson’s Disease Patient Reports of Prob-
lems (PD-PROP) is a series of open-ended questions
that asks people with Parkinson’s disease (PD) to
report and rank, in their own words, up to five
PD-related bothersome problems and their func-
tional consequences, without restriction of content
or length. The PD-PROP has been incorporated as a
module within Fox Insight [2], an online, observa-
tional, longitudinal clinical study that has collected,
as of February 2022, anonymous participant-reported
outcomes on approximately 53,000 individuals with
and without PD. At such a scale, machine-assisted
solutions are necessary and, as shown by related expe-
rience, cannot be independent of human oversight in
order to ensure that the output is interpretable and
clinically relevant [3, 4]. To address this challenge,
we have developed a data curation approach that com-
bines humans (clinicians, other subject matter experts
and experience experts (people with PD)) with natural
language processing and machine learning to create

a dataset that captures the spectrum and frequency of
symptoms that matter most to patients. This process
is an expansion of an initial curation of the PD-PROP
data introduced previously [5]. Herein we describe in
detail the expanded curation process and its results.

MATERIALS AND METHODS

The PD-PROP

The PD-PROP is completed by participants
enrolled in Fox Insight (https://foxinsight.
michaeljfox.org), an online, ob-
servational, longitudinal clinical study spon-
sored by the Michael J. Fox Foundation for
Parkinson’s Research (MJFF) that anonymously
collects self-reported health related information,
as well as lifestyle information and previous
exposures [2]. Data used in the preparation of
this article were obtained from the Fox Insight
database (https://foxinsight-info.michaeljfox.org/
insight/explore/insight.jsp) on 03/02/2020. For
up-to-date information on the study, visit https://
foxinsight-info.michaeljfox.org/insight/explore/insi-
ght.jsp.

PD-PROP comprises open-ended questions that
ask people with PD to report, in their own words,
up to five PD-related bothersome problems and their
functional consequences. The two questions to be
answered for each problem reported are: 1) What
is the most bothersome problem for you due to
your Parkinson’s disease? 2) In what way does this
problem bother you by affecting your everyday func-
tioning or ability to accomplish what needs to be
done? See Supplementary Table 1 for the full instru-
ment. Participants respond on-line by keyboard entry.
Each problem and its associated consequence as
entered by the participant are combined and referred
to as a ‘verbatim”. Participants are invited to complete
the PD-PROP at 3-month intervals.

https://foxinsight.michaeljfox.org
https://foxinsight-info.michaeljfox.org/insight/explore/insight.jsp
https://foxinsight-info.michaeljfox.org/insight/explore/insight.jsp
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Fig. 1. Human-in-the-Loop Curation and Classification Methodology. NLP, natural language processing; PROP, patient report of problems.

Human-in-the-loop curation and classification
algorithm development

Curation is the process of identifying symptoms
from the problems expressed in the verbatims and
classifying each verbatim as mentioning or not men-
tioning a specific symptom. Our method involved
human curators who provided classification for a
sample of verbatims. This experience provided terms
and phrases that informed the development of a natu-
ral language processing (NLP) algorithm to classify
verbatims at scale. The entire process is depicted in
Fig. 1 and described in detail below.

Symptom definition phase

As an initial triaging and exploratory approach,
data were visualized using a combination of latent
Dirichlet allocation topic modelling [6] and generat-
ing uni-gram and bi-gram word clouds [7, 8]. This
approach proved helpful to initiate a list of topi-
cally identified symptoms for further granularization.
From then on, based on 1) knowledge of the motor
and non-motor symptoms of PD, 2) review of over
5300 PD-PROP responses in prior curation work [5,
9], and 3) review of approximately 25 sample verba-
tims by each curation team member tailored to their
specific area of expertise, the curation team generated
a list of symptoms that were anticipated to be men-
tioned in the larger dataset of PD-PROP responses,
and grouped them by domain (e.g., “cognition” or
“autonomic”). The team of 9 curators consisted of
clinicians, people with PD, and a non-clinician PD
expert with extensive experience talking to people
with PD in her work for a Parkinson’s support and

research charity. The clinician members have a broad
range of training and relevant expertise related to
PD, including motor aspects, cognition and psychi-
atry, narrative medicine, outcomes research, sleep
medicine, and family practice. The relevant sub-
ject matter experts developed boundaries for each
problem, stipulating inclusion and exclusion criteria,
conceptually. The language used to define boundaries
avoids medical terms, when possible, to reflect the
patient voice and to facilitate use by non-medical
curation team members and future data users. Pro-
posed boundaries were circulated among the curators
and refined until consensus was reached.

Curation and symptom term table generation

During the discussions establishing problem
boundaries, words and phrases that were likely to
represent each symptom were proposed and formed
the basis for initial sampling of the database for the
first round of curation. A sample of 50 verbatims
was extracted from the February 2020 Fox Insight
PD-PROP dataset for each symptom using the pro-
posed words and phrases. Verbatims that were highly
nuanced or potentially ambiguous were preferen-
tially selected. In addition, up to four verbatims were
repeated in each set to assess intra-rater reliability.
A group of three curators, consisting of at least one
person with PD or the non-clinician PD expert and
at least one clinician, was assigned to each symp-
tom. Symptoms were assigned to groups based on the
expertise of the clinician member. Group members
independently classified each verbatim as reporting
or not reporting the particular symptom as defined
by the boundaries and reported the specific terms and
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phrases that were key to their decision. They were
instructed to consider each problem referred to by the
respondent without considering attribution or sever-
ity. For example, if fatigue was reported and attributed
to insomnia in the verbatim, that verbatim would
be classified as reporting both fatigue and insomnia
as a bothersome problem, not only the underlying
insomnia thought responsible for the fatigue. This
was to reduce bias and preserve the meaning of the
responses.

As curators reviewed verbatims they were also
asked to identify symptoms, using their clinical
knowledge and personal experience, that were not
represented in the problem list that had been devel-
oped. After the initial round of classification, each
curation group met in breakout sessions to review
examples of disagreement in order to build consensus
on classification and to adjust symptom names. When
it was evident that two or more symptoms were diffi-
cult to differentiate in the verbatims, a more general
symptom was created. Conversely, when one symp-
tom was found to encompass several distinct concepts
reflected in verbatims, the symptom was split into two
or more symptoms. This process resulted in an ini-
tial algorithm that incorporated the curator-provided
list of relevant words and phrases. The algorithm was
further expanded using synonym generation through
Unified Medical Language System (UMLS) ontolo-
gies [10, 11] and NLP techniques such as word
vectorization [12–14], which provided closely related
terms and phrases that had the same intended mean-
ing [15]. A finalized symptom term table was then
created which would serve as the input to the next
phase.

These determinations and associated terms and
phrases served to develop the machine learning
algorithm, which utilized a combination of human-
in-the-loop and standard natural language processing
and data analytics techniques [16, 17].

Natural language processing (NLP)
classification [16, 17]

The data were first cleaned to identify spelling
errors using a Java language-based package [18,
19]. The advantage of using this package over Peter
Norvig’s algorithm-based Python autocorrect mod-
ule [19] was that some of the specific jargon such
as cramping and migraine that were incorrectly auto-
corrected to “tramping” and “migrate” by the Python
algorithm were correctly retained by the Java mod-
ule. An additional advantage was that we could also

instruct the algorithm to ignore specific words from
our library to prevent incorrect auto correction. The
building of “ignore-terms” library is an ongoing pro-
cess.

A database comprised of the user id of the par-
ticipants and the verbatim (conjugation of problem
and consequence) was created using Neo4j [20]. A
set of external files comprised of terms and phrases
provided by the curators along with their synonyms
was used to perform phrase query extraction [21] on
the database resulting in a master dataset that was
comprised of each verbatim and its associated symp-
tom binning. The results were then fine-tuned through
manual inspection and the algorithm optimized. The
dataset upon which the analysis was performed was
then generated for data validation and generation of a
scalable machine learning model as described in the
sections that follow.

Data validation and optimization

From the full dataset of approximately 168,260
verbatims, between 455 and 600 verbatims were pro-
vided to each curator using the dataset resulting from
the NLP classification phase. Each sample consisted
of 11 or 12 positives, predicted by the algorithm to
include the symptom of interest, and 12 negatives
predicted not to include the symptom of interest.
Negatives were enriched with examples from closely
related symptoms in order to challenge the ability of
curators to distinguish similar symptoms from each
other (e.g., the sleep curation sample was enriched
with verbatims predicted to report fatigue). Blind to
this classification, each curator classified the provided
verbatims as reporting or not reporting the symptom.
The final expert consensus classification for a ver-
batim was designated as the determination provided
by at least 2/3 curators in a group and was con-
sidered the ‘gold standard’ classification. Algorithm
performance metrics were based on the concordance
at this stage, and calculated as accuracy, proportion
of false positives, and proportion of false negatives.
Instances of discordance were discussed with cura-
tors at the discretion of the data science team, in order
to optimize the algorithm, post-validation. Reasons
for discordance informed modification of terms and
phrases to identify positives and negatives.

Machine learning

Classification of verbatims into multiple symptoms
is a multi-label text classification problem [22, 23].
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We used a Keras-tensorflow [24] supervised deep
learning neural network model to be trained on this
data. The model comprised two hidden layers and
one output layer. 10,519 unique multi-label combi-
nations were identified in the dataset. We decided to
use a 90-10 train-test split to ensure that we had suf-
ficient data for training as well as testing, leaving us
with ∼16,000 samples for testing. In order to ensure
that data was not overfitted and to avoid any class
imbalance problems, the test data were further split
into test and validation sets in the ratio 1:1 providing
us with ∼8000 test and ∼8000 validation samples.
Sklearn’s train-test-split was used to split the data
[25]. The model was compiled using binary cross loss
entropy.

RESULTS

Symptom boundaries

Consensus on an initial set of boundaries was
reached on each definition after no more than two
iterations. These were refined throughout the curation
process to best reflect the self-reported experi-
ence of people with PD. For illustrative purposes,
Table 1 shows the symptom list and associated bound-
aries that were developed for the cognition domain.
The full list consists of 65 symptoms grouped
into the following 14 domains: tremor, rigidity,
bradykinesia, postural instability, gait, other motor,
sleep, fatigue, cognition, affect/motivation/thought-
perception/other psychiatric, pain, autonomic dys-
function, fluctuations, and dyskinesias and is
available as Supplementary Table 2.

Curation and symptom table generation

A total of approximately 3500 verbatims in groups
of approximately 50 per symptom were reviewed in
the initial algorithm development phase. The process
of curation was conducted over one year, consist-
ing of approximately two hours of independent work
between monthly meetings. From the initial round of
review, complete (3/3) concordance across curators
ranged from 28% of verbatims (for sudden OFF) to
100% (for sexual dysfunction), with median 3/3 con-
cordance of 64%. At least 2/3 concordance ranged
from 70% (for early morning awakening) to 100%
(for 27 symptoms).

Terms and phrases for algorithm development were
refined and expanded during the review process.
Table 2 shows a sample of the terms and phrases

for the symptoms internal tremor and executive abil-
ities/working memory.

During the curation and algorithm development
process, additional symptoms were identified that
were not included in the validation exercise and
for which boundaries had yet to be developed.
These include fear of future events, medication side
effects, restlessness, loss of sense of taste/smell,
reduced self-esteem/embarrassment, tingling, and
drooling.

Algorithm validation

As of February 2020, approximately 25,000
research participants with PD had completed at least
one PD-PROP assessment used in the algorithm val-
idation phase. The median age at first response to the
PD-PROP was 67 years, 55% were male, and median
years since PD diagnosis was 3 years.

168,260 verbatims were classified. Approximately
1% of verbatims were not classified in this iteration.
Reasons for non-classification included verbatims in
languages other than English, being uninterpretable,
or belonging to symptoms not yet defined (such as
‘fear of’). In the algorithm validation phase, full
(3/3) concordance between curators for verbatims
ranged from a low of 88% (for personality and behav-
ior changes not otherwise specified) to 100% (for
59 symptoms). Sixty-eight verbatims were presented
twice to each curator for a total of 204 pairs of
duplicate presentations to assess intra-rater reliabil-
ity. Ratings for 192/204 (94%) agreed across the
two presentations. There was no evident clustering
of discordant responses within specific symptoms.
Concordance between the machine and the cura-
tors for the algorithm validation phase was based
on individual curator classification for a set of ver-
batims. Twelve machine-assigned ‘negatives’ and
11 or 12 machine-assigned ‘positives’ enriched for
conceptually-related symptoms (see Supplementary
Table 3 for the grouping of related symptoms) were
presented to the curators blind to machine classifi-
cation. Accuracy (proportion of verbatims correctly
classified) was lowest (96%) for several cognitive
(memory, cognitive slowing/mental fatigue, visu-
ospatial abilities) and depressive symptoms, and was
100% for 58/65 symptoms. For those symptoms with
agreement less than 100%, there were no false nega-
tives and the number of false positive responses did
not exceed 1 for any. Machine learning model perfor-
mance from an optimal run of 50 epochs yielded an
F1 score (2 × precision × recall)/(precision + recall)



762 C. Marras et al. / Curation of PD-Patient Report of Problems

Table 1
Conceptual boundaries for cognitive symptoms

Domain Proposed reported
symptom

Conceptual boundaries

Includes Excludes

Cognition memory Impairment of memory including difficulty
remembering information; learning new
information; orientation to time, place

the term “having to remember”

concentration/attention Difficulty concentrating or paying attention;
sustaining focus

cognitive slowing Slowing or impairment of mental processing.
Includes difficulty keeping up with
conversations, slowness to respond, mental
fatigue

confusion, ‘brain fog’, mental sharpness;

language/word
finding

difficulty understanding conversation;
expressing oneself; difficulty speaking words
that are being thought of. difficulty
understanding what is being read/reading

difficulty understanding due to hearing
impairment

mental alert-
ness/awareness

fluctuating alertness; fluctuations in/variable
attention; zoning out, brain fog, confused
thoughts, reduced mental sharpness

cognitive/mental slowing

visuospatial
abilities

difficulty judging distances or depth;
navigating 3-dimensional situations;
orienting oneself in space; identifying visual
and spatial relationships among objects;
trouble navigating closed or indoor spaces
that are familiar

Freezing (interruption of gait) in doorways
or thresholds.

executive
abilities/working
memory

difficulty planning or executing tasks;
multi-tasking; switching from one cognitive
task to another, trouble following directions
or instructions; problem solving; decision
making; sequencing; learning new skills

cognitive
impairment NOS

Cognitive complaint not clearly fitting into
another category. Could include confusion,
muddled, mixed up

Table 2
Example terms and phrases for one motor and one non-motor symptom

Symptom Sample terms/phrases

Internal Tremor “internal tremor”, “shake inside”, “vibration”

Executive abilities/
working memory

“impaired mental flexibility”, “cognitive adapting”, “can’t
multi-task”, “trouble planning and organizing”, “starting or
completing a task”, “being adaptable or flexible”, “difficulty
following instructions”

Table 3
Performance of the algorithm in the machine learning phase

Held-out test set

Accuracy 95%
F1 score 95%
Precision 97%
Recall 93%

F1 score: 2(precision)(recall)/(precision+recall).

of 0.95. Accuracy, precision and recall were 0.95,
0.97 and 0.93, respectively. Table 3 presents the per-
formance of the algorithm in the machine learning
phase.

Figure 2 shows the frequency of reports of bother-
some problems within each domain at participants’
first report by gender and age. To calculate fre-
quencies, the denominator is the total number of
symptoms reported across the cohort. For each par-
ticipant only the first report of each symptom was
counted. However, all responses to the PD-PROP
over time were included, and a participant may report
multiple symptoms at each time point. A higher per-
centage of women reported problems in all domains.
The proportional gender differences were largest in
the psychological, pain, fluctuations and dyskinesia
domains. Compared with respondents below age 60, a
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Fig. 2. Frequency* of patient reports of problems by domain, age, and gender. The denominator for percentages is the N given in the legend
for the corresponding demographic category. *Calculated as the ratio of the number of individuals reporting the symptom at least once to
the number of individuals in that demographic category.

higher proportion of those above age 60 reported gait,
balance, and autonomic problems, cognitive prob-
lems (men only) and fatigue (women only).

The most frequently reported bothersome symp-
toms at first report were tremor (by 46% of
respondents at first report), gait not otherwise spec-
ified (39%), and pain/discomfort (33%). Within
the motor domains, the most commonly reported
bothersome symptoms at first report were: tremor
(46%), gait not otherwise specified (39%), impaired

dexterity/micrographia (31%), and balance (29%).
Fluctuations related to medication (3%) and dyskine-
sias (5%) were uncommonly reported as bothersome
problems. Within the non-motor domains, a diverse
array of symptoms was reported as being bothersome,
the most common being pain (33%), physical fatigue
(29%), and negative emotions not otherwise specified
(22%). Table 4 shows the frequency of all symp-
toms that are reported by at least 1% of participants,
categorized by domain, from most to least common.
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Table 4
Curated Symptoms and their frequency at first PD-PROP report∗

Domain Symptom Frequency (N) % of all
symptoms at
first PD-PROP
report

Tremor Tremor 11454 46
Internal Tremor 123 1

Rigidity Stiffness 5013 20
Bradykinesia Slowness 5913 24

Facial Expression 270 1
Balance Balance 7192 29

Falls 2145 9
Fear of Falling 1833 7

Gait Gait NOS 9821 39
Freezing of Gait 1366 5

Other Motor Impaired Dexterity/Micrographia 7837 31
Speech 5836 23
Dystonia 2920 12
Posture 982 4

Fluctuations Off Periods - Medication Related 821 3
Off Periods - Medication Not Mentioned 523 2

Dyskinesias Dyskinesias 1310 5
Sleep Poor Sleep Quality Unspecified 3528 14

Sleep Maintenance Insomnia 1701 7
Excessive Daytime Sleepiness 1559 6
Sleep Onset Insomnia 487 2
RLS/Restlessness 418 2
RBD Like Symptoms 316 1
Dreams 310 1

Fatigue Physical Fatigue 7325 29
Mental Fatigue 194 1

Cognition Memory 3325 13
Language/Word Finding 3132 12
Concentration/Attention 2384 10
Cognitive Slowing 1107 4
Executive Abilities/Working Memory 828 3
Mental Alertness/Awareness 732 3
Cognitive Impairment NOS 302 1

Psychological Negative Emotions or Cognition NOS 5611 22
Anxiety/Worry 5005 20
Depressive Symptoms 1827 7
Apathy 963 4
Loneliness/Isolation 540 2
Hallucinations/Illusion/Presence/Passage 216 1

Pain Pain/Discomfort 8389 33
Cramp or Spasm 2736 11

Autonomic Altered Bowel Frequency 2917 12
Bladder Incontinence 1246 5
Swallowing Problems 1036 4
Lightheadedness/Dizziness 756 3
Sexual Dysfunction 535 2
Frequent Urination 452 2
Nausea 259 1
Bloating/Feeling Full 265 1
Excessive Sweating 178 1

∗Limited to symptoms having frequency of 1% or greater.

DISCUSSION

In the clinical setting patients report their prob-
lems and how these problems bother them. In

turn, clinicians shape patient-reported problems and
their functional consequences into defined symptoms
(often elaborated by what makes the problems bet-
ter or worse, and the severity or seriousness of the
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problems for the patient). We have developed a data
curation approach that is analogous to this process
of clinical history-taking. Via PD-PROP, people with
PD report problems which are classified into symp-
toms through an algorithm that combines human
expert interpretation and machine learning. Incorpo-
rating human expert curation of the problems that
people with PD report in their own words into the
classification process provides clinical meaningful-
ness for classifying symptoms. Longitudinally, the
resulting dataset and dictionary will inform a patient-
reported natural history of PD [5].

A similar approach has been applied to people
with PD in the United Kingdom, asking individu-
als to report up to three aspects of their condition
they would like to see improved [26]. 790 partici-
pants provided responses, all of which were curated
by a team of 6 people with direct experience with
PD. Each response was categorized into one or more
of 41 symptoms. This approach, relying solely on
human curation of 100% of the submitted responses,
has the advantage of a more thorough analysis of the
responses, but is impractical for large scale data anal-
ysis or broadening the application of the instrument
to other settings and over time. Using human-directed
curation to inform the development of a machine
algorithm permits scaling up to large datasets and
replicable analyses over time.

To our knowledge, this combined human and
machine method is novel, at least as applied in health-
care research. A recent systematic review of the
use of machine learning methods to analyze patient-
reported data did not identify examples of combined
human and machine processes [27]. The identified
studies used machine learning methods to analyze
data from existing, traditional PRO measures with
fixed-choice responses. The value of unconstrained
response formats was highlighted in a study that
examined the content of a “most important concern of
the patient” question applied in routine clinical care of
patients with multiple sclerosis. Responses included
idiosyncratic symptoms, disease management, and
social concerns not included in the established PRO
measures, suggesting that some important concerns
are not sufficiently captured by existing instruments
[28]. Similarly, in the study of PD patients mentioned
above [26], some patients prioritized issues such as
better care and disease management, and the desire
to maintain independence as those they most wanted
to improve, demonstrating the importance of issues
beyond symptoms in the experience of chronic dis-
ease.

We also encountered reported problems that were
not anticipated and could not be mapped to our pre-
determined list of symptoms. Therein lies the value
of free-text reporting, enriching the information col-
lected by patient report beyond symptoms that are
represented in commonly used PRO measures. An
important example from our PD-PROP experience
is the reporting of fear as a most bothersome prob-
lem. This experience mirrors a finding reported in a
qualitative study asking people with chronic liver dis-
ease or renal transplants and researchers for feedback
on existing PRO measures [29]. Patient participants
and clinicians in that study suggested including a free
text box where patients can mention other issues not
covered in the questionnaire: “I think what’s missing
is the direct, what is the fear that you have of dying,
what’s the fear of you getting colon cancer, what’s the
fear of you getting bile duct cancer, and how does that
fear manifest itself?” This fear symptom domain will
be one of several additional problems curated in a next
round of PD-PROP curation, examining a sample of
responses expressing fears and defining categories
of fears. Unanticipated symptoms that we incorpo-
rated into our curation included restlessness, mental
fatigue, fear of falling, internal (inner) tremor, men-
tal alertness/awareness, isolation, and nausea. The
most frequent of these was fear of falling, reported in
7% of individuals at their first report. Other unantici-
pated symptoms yet to be curated include medication
side effects, drooling, vertigo, and loss of sense of
smell/taste.

A similar approach to collecting adverse event data
from clinical trials supports the value of free text
entry and demonstrates the feasibility of processing
those data. Adverse event data was collected directly
from participants in cancer clinical trials using elec-
tronic tablets at their study visits. Participants could
choose from listed options or add free text. Physi-
cian researchers classified the free text-entered data.
Of 1,357 free text entries, 87.5% were categorized
as symptomatic adverse events, of which only 384
(32.4%) mapped to an existing National Cancer Insti-
tute library of terms used to classify adverse events in
cancer clinical trials. These results suggested a num-
ber of additional terms to be added to the library,
again demonstrating the importance of unconstrained
responses [30].

Our curation experience revealed challenges map-
ping some reported problems onto symptoms,
particularly in the cognition and sleep domains. This
was often attributed to ambiguous responses, which
in a clinical setting could be clarified with follow-up
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questions. As a result, some symptoms that were pro-
posed ahead of curation were merged due to inability
to reliably interpret the entries to make a clear dis-
tinction between two concepts (for example, initially
OFF periods was divided into sudden OFF, OFF peri-
ods medications not mentioned, and OFF periods
medication-related). These were ultimately merged
due to difficulty distinguishing them with confidence
during curation. Despite such challenges, we were
able to identify reported problems mapping to 65
different symptoms with high levels of agreement
between curators.

The PD-PROP as applied in Fox Insight provides
a curated dataset that demonstrates the frequency
and broad spectrum of symptoms that matter most
to people with PD and reflects the heterogene-
ity of PD. The large size of the dataset permits
analysis within categories of age, sex, and disease
duration and examination of their co-occurrence,
which will further reveal the different phenotypes
of PD. Ongoing longitudinal data collection will
provide detailed insight into the variable progres-
sion of symptoms at an unprecedented scale. These
findings can guide clinical care, research priorities,
and provide guidance for clinical trial outcomes
and sample size calculation [9]. By virtue of paral-
lel collection of demographic, lifestyle, and clinical
data in Fox Insight, there now exists a rich shared
resource for evaluating associations between patient
reported problems and quality of life, lifestyle fac-
tors, and other experiences of the person with PD
(https://www.michaeljfox.org/fox-den). The longitu-
dinal data collection allows researchers to investigate
the predictive value of early symptoms for later out-
comes, which can inform clinical trial design [9] as
well as patient counseling.

Some limitations of the curation process deserve
mention. First, because data entry was only possible
by keyboard, individuals with dexterity difficulties
may have been less likely to participate. The addi-
tion of a voice-entry option is being deployed to ease
use and improve accessibility. Second, classification
of the verbatim reports relies on interpretation by
curators that could not be verified by the individ-
ual reporting the problem. Incorrect interpretations
are possible, although the chances of this were
reduced by a consensus approach to interpreting
each verbatim response. Third, although the reports
were generated by people with self-reported PD
our curation was largely anchored in predeter-
mined symptoms based on the clinical and personal
experiences of the curators. Identifying unknown

symptoms was dependent on ad hoc identification
of reported problems that were not the target of
the specific exercise. Therefore, our symptom list
is biased toward already known symptoms with
a chance of missing heretofore underrecognized
symptoms. Conversely, the granularity of curation
in some categories (e.g., different patterns of fluc-
tuations of symptoms) resulted in small numbers
of individuals being classified as reporting specific
symptoms as most bothersome problems. Depending
on the research aim, for the purpose of meaningful
analysis it may be necessary to combine some symp-
toms together. Finally, despite the large number of
responses reviewed, we did not identify all problems
expressed. However, given the large number of verba-
tim responses reviewed it is unlikely that we missed
frequently-reported problems.

In conclusion, a human-in-the-loop method of
curation of patient-reported problems provides both
accuracy and efficiency, permitting a clinically use-
ful analysis of large datasets of free text responses.
As longitudinal data accrues, we will learn about the
natural history of PD as reported by people with PD
directly and without constraint.
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