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Abstract

Remote health assessments that gather real-world data (RWD) outside clinic settings require a
clear understanding of appropriate methods for data collection, quality assessment, analysis and
interpretation. Here we examine the performance and limitations of smartphones in collecting
RWD in the remote mPower observational study of Parkinson’s disease (PD). Within the first

6 months of study commencement, 960 participants had enrolled and performed at least five
self-administered active PD symptom assessments (speeded tapping, gait/balance, phonation or
memory). Task performance, especially speeded tapping, was predictive of self-reported PD status
(area under the receiver operating characteristic curve (AUC) = 0.8) and correlated with in-clinic
evaluation of disease severity (7= 0.71; P< 1.8 x 107%) when compared with motor Movement
Disorder Society-Unified Parkinson’s Disease Rating Scale (MDS-UPDRS). Although remote
assessment requires careful consideration for accurate interpretation of RWD, our results support
the use of smartphones and wearables in objective and personalized disease assessments.

RWD offers the opportunity to improve our understanding and management of health and
disease outside the clinical setting®. An increasingly popular method for collecting RWD
is the use of remote digital assessments that allow frequent sampling and have been used
to aid in the diagnosis, treatment and monitoring of several conditions, including atrial
fibrillation and diabetes?3. When used in population-based studies, remote assessment can
increase understanding of heterogeneity in disease manifestation, the effect of disease on
daily living and quality of life and the effect of nonmedical factors on health?. Frequent
longitudinal assessments can also serve as an essential tool for guiding personalized care
management. Furthermore, in the clinical trial setting, there is the possibility that objective
remote assessments may produce improved outcome measures with increased sensitivity to
detect early changes in health. However, the complexities in collection and analysis®~’ of
meaningful real-world evidence presents clear obstacles.

Remote digital studies can shift the user experience compared with traditional clinical
studies and generate new challenges for the researcher that must be addressed to run an
effective study. For participants, digital studies often require frequent engagement in the
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midst of their daily routines, unassisted interpretation of instructions, adherence to data
collection protocols and a willingness to share information gathered through their mobile
devices. Researchers must develop dynamic communication and engagement strategies to
keep participants motivated. Failure to address these emerging needs have led to engagement
and retention issues®°. Furthermore, hidden biases, confounds and autocorrelation in
longitudinally collected data without supervision require analytical approaches that account
for these issues. For these reasons, methodologies for effective collection, analysis and
interpretation of digital measures are under active investigation.

In recent years, there has been an emphasis on the use of sensors to develop

objective assessments for conditions that are traditionally subjectively evaluated, such

as neuropsychiatric or neurodegenerative disorders'9-15, PD is especially well suited for
sensor-based assessments because of the prominent motor symptoms in PD14:15, Motor
symptoms include slow movement, impaired gait, diminished balance, soft voice and
tremor. Several sensor-based devices have been used in clinical research6-18, While

this can improve clinical assessment, many of these devices are not widely accessible

or tolerated outside the clinical setting and do not capture the frequent fluctuations in
symptoms experienced over time by many patients with PD. Consumer-focused devices
such as smartphones offer an alternative that is widely available to patients and have the
potential to provide objective, frequent and sensitive assessments using their embedded
high-fidelity sensors8. Several smaller clinical studies indicate that smartphone sensors with
the right protocol have the capability to capture biologically meaningful digital assessments
of PD10.13.19-23 Gjven the dynamic and heterogeneous nature of PD and the availability

of viable digital assessments, remote monitoring of PD provides a powerful opportunity to
evaluate the benefits and challenges of collecting and interpreting sensor data for real-world
evidence.

In 2015, we initiated the mPower study to evaluate the possibilities and limitations of using
mobile phones to collect real-world evidence across a diverse population in the context

of a fully remote research study (study reviewed by Western IRB, see Methods). mPower
collected smartphone-based sensor data from participants while they performed self-guided
versions of assessments used in the clinic to evaluate motor symptoms of PD. A main
objective of the mPower study was to support rapid advancement in the understanding and
use of sensor data for health assessments. To this aim, participants were given the option of
having analysis performed solely by the mPower study team or of having their data shared
broadly with qualified researchers?4. Here we analyze data from participants that opted in
and participants that opted out of broad data sharing. In addition, we report on a validation
study, objectivePD (reviewed by Rochester IRB) in which 44 individuals were followed
over 6 months including three in-clinic assessments in addition to remote smartphone-based
assessments. We use this analysis to illustrate the feasibility and caveats of mobile health
studies.

The mPower study focused on the interaction between mobile health measures and the
lived experience with PD and offers a case study of a remote mobile health study. Here we
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summarize the results of the study from several angles, including the following: recruitment
and retention, the strong effects of confounders and bias from data collected in the real
world, the opportunities for personalized analysis afforded by the high number of repeat
measures from individuals over time and accuracy of self-report and validation compared
with in-clinic measures.

Recruitment and study assessment.

Over a 6-month period, from 9 March 2015 to 9 September 2015, 12,703 individuals

from all 50 US states enrolled in the mPower research study. Enrollment was defined as
downloading the smartphone application, completing the electronic informed consent, the
enrollment survey and at least one activity (Fig. 1 and Table 1). Recruitment was solely

by word of mouth and press coverage that was aided by attention to the initial launch

of ResearchKit by Apple. Several thousand participants enrolled in the days after launch.
Following this initial burst, a relatively constant rate of enroliment was maintained (60 + 35
per week).

During the study period, participants were encouraged, but not obligated, to complete
activities up to three times daily. These activities included a series of five active assessments
(speeded tapping, voice, walk, balance and memory) during which sensors in the phone were
used to collect data from participants. They were also asked to complete several patient-
reported outcomes (PRO) surveys. Sensor data collected included detailed time series

of touchscreen interactions during the tapping and memory assessment, audio recordings
during the voice assessment and 100 Hz accelerometer and gyroscope measurements during
the walk and balance assessments. Over 350,000 activities were performed across all
participants in this 6-month time interval. Active assessments were performed nearly two
orders of magnitude more frequently than survey questionnaires.

Participant engagement and retention.

Of the 12,703 participants, 1,414 self-reported as having a professional diagnosis of PD and
8,432 self-reported not having a PD diagnosis (non-PD). On average, the PD participant
population was significantly older, more educated and had a larger proportion of females
compared to non-PD participants (Table 1). Furthermore, they were more active in the study,
contributing on average five to seven times more measurements per assessment. Long-term
engagement followed a typical (for app use) exponential decay with a small number of
individuals contributing thousands of activities and thousands of individuals contributing

1 or 2 activities®? (Supplementary Fig. 1). This has the unfortunate consequence that, for
any analysis requiring long-term longitudinal data, the available sample size is considerably
smaller than total enrollment (Fig. 1).

During enrollment, participants were given agency to decide whether their data should be
retained by study organizers or should be shared broadly with qualified researchers?4; 67%
of participants opted to share with all qualified researchers, and these data have been made
available to the research community, whereas a further 3,183 chose to share only with

the mPower study teams. Individuals who opted to share their data broadly were more
likely to have PD, as determined by self-report of professional diagnosis, (P < 0.0001)
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and, on average, completed more active tapping, voice and walk/balance assessments (all
P<0.0001). All analyses described below were performed on the full study population;
similar results were observed when conducted on the subpopulation that opted for broad data
sharing?>.

Population-level analysis of self-administered health assessments.

Because diagnostics are of principal interest for remote monitoring, we first evaluated
whether cross-sectional analysis of these data could be used to develop a population-

level classifier to distinguish PD from non-PD participants based on remote assessment
performance. Diagnostic classifiers built from machine learning applications often fail to
generalize because they do not account for biological and/or technical confounders present
in the training data that are unrelated to disease state. Collection of sensor-based data from
assessment performance in real-world studies is anticipated to introduce several sources of
confound or bias, which would need to be addressed in the context of classification. Indeed,
many of the factors that make remote research so compelling—the ability to enroll a diverse
population—must be considered carefully in population-level assessments.

We first considered enrollment bias. In mPower, as with many remote studies, the research
team did not control enrollment parameters beyond a set of minimal inclusion/exclusion
criteria. For this reason, the study population may be unbalanced across factors that affect
assessment performance but are independent of disease state. Some of these factors may

be known and some may not. As mentioned above, the non-PD participants were younger,
less educated and had a greater percentage of males compared with PD participants. To
assess the influence of these potential sources of confounding in the mPower data, we used
confounding tests26 (Methods) to quantify the contribution of the education, gender and

age variables to the predictive performance of the PD versus non-PD classification. The
classification performance tended to be artificially boosted by the age confounder in all four
assessments, and moderately inflated by the gender confounder in the voice (and walk and
tapping assessments to a lesser degree) (Supplementary Note 1). Based on these results, age-
and gender-matched participants were used in the mPower classification analysis to avoid
age and gender confounding (Methods). It is nonetheless important to point out that we can
only evaluate observed confounders, and that some unobserved confounders might still be
biasing these results.

A second main source of potential confounding on classification analyses that use data
frequently sampled from individuals, such as occurs in mobile health data, is the handling
of repeated measures. When repeated measures collected from an individual are split across
training and test sets (called record-wise splits)”-27, classifiers are inadvertently performing
participant identification rather than (or in addition to) the identification of biological

traits such as disease status®-28. To quantify the effect of this identity confounding on
classification performance, we used subject-wise permutations on record-wise splits of the
mPower datab28. Indeed, the mPower data were highly vulnerable to this issue of identity
confounding (Supplementary Fig. 2) with record-wise splits leading to overly optimistic
assessments of classification performance.
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To control for this issue of identity confounding in the mPower classification analysis,
age-/gender-matched classifiers were built using collapsed summaries of longitudinal data or
‘subject-wise’ splits of longitudinal data across the training and test sets (Methods). These
PD classifiers (Supplementary Figs 3 and 4) had lower performance than those developed
using repeat measure and records-wise splits (Supplementary Fig. 2), but better reflect the
real ability of the classifier to separate PD and non-PD participants in a new sample based
on the disease characteristics and in accordance with previous results in the literature°.

Classification performance varied across assessments.

Using a subset of participants who have contributed at least five repeated assessments (with
sample sizes per assessment ranging from 464 to 960 as shown in Fig. 1), a random forest
classifier achieved AUC = 0.80 (P < 1073) for PD classification using collapsed features
from the tapping assessment, where the Pvalue is testing if the classification performance
was better than random (Methods). The performances using collapsed features from each of
the other activities were more modest (AUCs equal to 0.62 (P < 10~%) for walk, 0.65 (P<
107) for balance and 0.60 (P< 10™4) for voice).

Variation in activity performance across repeated measures.

Activity performance tended to be more variable in PD participants than in non-PD
participants. By looking at day-to-day fluctuations across all individuals who participated for
at least 15 distinct days, 17 out of 186 features showed significantly greater intraindividual
interquartile range (false discovery rate (FDR) <0.05) in PD cases compared with only 4 out
of 186 features with significantly greater variability in non-PD cases (Supplementary Figs.

5 and 6). Qualitative interviews with participants have indicated that some PD participants
were interested in remaining active in this study precisely because they were interested in
monitoring this variability in performance over time3°.

Personalized medication response analysis.

Most PD patients are treated with medications to alleviate disease symptoms, with levodopa
as the standard treatment. For many patients, treatment effectively reduces symptoms and
the patient experiences an ‘on’ state throughout the day. For others, treatment is less
effective and the patient experiences fluctuations in symptom severity over the course of
each day (‘on/off’ fluctuations). Because many participants take their medication at the same
time every day, evaluation of medication effects on performance collected in this manner
may be confounded with diurnal factors relating to the time of day (ToD) that the activity
was performed. Such factors might be caused by circadian rhythms or by daily routine,

such as coffee intake in the morning, in addition to a medication effect. To address this, we
evaluated whether variation in performance observed in PD participants reflects medication
and/or other temporal effects. Because activity performance was highly individualized

and heterogeneous across the population, we developed personalized methods to monitor
changes in disease severity due to the effects of medication or other disease modulators over
time. The longitudinal data from each individual were analyzed separately using a set of
conditional independence (CI) tests to disentangle potential medication effects from ToD
effects25. Because of the potential presence of temporal autocorrelation in the longitudinal
data, these CI tests were implemented using temporal regression models based on robust
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estimators of standard errors that can account for heteroscedasticity and autocorrelation in
the data31:32. Looking at data from participants that had contributed at least 15 activities
before medication and at least 15 after (with number of participants per task ranging

from 69 to 123 (Fig. 1) and number of records per participant ranging from 31 to 448
(Supplementary Fig. 7)), we identified that 47% of PD participants experienced fluctuations
that could possibly be attributed to medication (at a FDR <0.05). The effect size based on
relative importance33 (Methods) among the fluctuators was, on average, 0.17 (Fig. 2) and
the direction of the effect for 71% of the features was consistent with the directions between
PD and non-PD. Given that some symptoms (for example, dyskinesia) can be induced by
medication, this is not inconsistent with expectation. The significance of these fluctuations
as determined by the Pvalues was significantly associated with the disease onset year of the
participant (£ < 0.001), recapitulating clinical observations that participants with longer PD
history tend to show stronger medication-mediated on/off fluctuations in performance (Fig.
2 and Supplementary Fig. 8).

Performance as measured by assessment features varied substantially relative to ToD,
indicating a potential effect from diurnal variation (Fig. 2d and Methods). These effects
were not associated with the year of disease onset (Fig. 2e; £> 0.85). The distribution of
features associated with change in medication state varied across individuals and across
assessments: 35% of features for tapping, 18% for voice, 24% for walk and 8% for

balance. Changes in performance were highly individualized, with strong on/off fluctuations
observed in different assessments across individuals and often in one activity but not

in another (Supplementary Fig. 9). This observation recapitulates the known variation in
individual patient-level PD symptomatology34.

Consistency of survey answers.

Although it is not possible to evaluate the accuracy of data collected in an unsupervised
manner, we sought to evaluate the consistency of data across repeat measures using
responses to the demographic survey. To this aim, we calculated the proportion of
participants who provided inconsistent answers across repeated administrations of survey
questions. This included nonunique answers to questions such as the year the participant was
diagnosed, the year the participant started taking medications, the year of the disease onset
and the race of the participant. In all cases, the inconsistency rates were lower than 0.64%.
(The rates for the respective questions were, respectively, 0.24%, 0.31%, 0.64% and 0.55%.)

Correlation of smartphone performance measures with in-clinic PD assessments.

Using a subcohort recruited at the University of Rochester comprising 44 individuals

(21 with clinically diagnosed PD and 23 non-PD controls) as part of the ObjectivePD
substudy (Table 1) we compared mPower symptom severity scores with in-clinic PD severity
measures. The mPower symptom severity score was derived as the average of the prediction
probabilities from each of the classifiers for the PD versus non-PD (one for each of the
smartphone assessments, tapping, walk, balance and voice). This model, albeit simpler,
mirrors similar efforts in the literature22:23, This mPower severity score was associated with
total MDS-UPDRS (Pearson = 0.71, Bonferroni corrected < 1.8 x 1075), Schwab and
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England Activities of Daily Living Scale (SE-ADL) (r=-0.61, Bonferroni corrected < 2.3
x 107°) and Hoehn and Yahr score (Bonferroni corrected A< 3 x 1078) (Fig. 3).
Discussion

Digital technologies provide the potential to collect remote, objective, real-world
assessments that may meaningfully affect both clinical research and clinical care.
Appropriate implementation of these approaches provides an opportunity to study health

in the context of daily life. However, inappropriate implementation can lead to unsatisfactory
results or incorrect conclusions. To evaluate the feasibility and limitations of real-world
studies using digital tools, we conducted a completely remote study that used smartphone
sensor-based assessments to collect repeated measures with the goal of objectively
quantifying PD.

One of the opportunities of remote research studies is to overcome some of the existing
limitations in diversity across participant populations that are observed with in-clinic studies.
Although the widespread availability of smartphones and other pervasive technologies

has the potential to increase research accessibility across a wide range of demographic
classes, this approach does not necessarily balance enrollment across groups. As with all
observational studies, study design and recruitment protocols have a great effect on the
study population. In mPower, recruitment supported self-selected enrollment of individuals
who had an Apple smartphone, resided in the United States and spoke English. These
constraints skewed study enrollment towards younger individuals with higher incomes and
education levels. This was particularly true for the non-PD participants. The self-enrolled
population of PD participants, who had a more distinct set of reasons for participation
than the non-PD individuals, were significantly older than the self-enrolled population of
non-PD participants. Because both age and disease status have an effect on performance
on assessments, this led to a clear confounder that had to be addressed in the analysis.

In any observational study, it is essential to assess the influence of observed confounders
and to perform statistical adjustments (such as matching) if necessary. Such remedies,
however, can only account for observed confounders, and provide no protection against
unmeasured confounders. This is a principal concern with remote studies that may have
limited information about their participants with which to identify potential confounders.
Indeed, this is a problem observed across any study that enrolls through self-selection, and
may unintentionally affect analytical outcomes3°-36,

The ability to properly validate the accuracy of data collected in an unsupervised manner

is a main concern with RWD analysis. First, there are questions about the reliability

of self-reported data. Using a subset of individuals who changed responses to their
demographic survey, we did observe within-individual consistency within 99% across
repeat survey questions. Second, there is concern around identity confirmation where

there is no assurance that all data collected in an unsupervised manner from a research
participant is actually provided by the same individual. Although this may be an issue

for low-dimensional data, such as survey questionnaires, sensor-based data are highly
individualized. Indeed, our analysis of mPower data has demonstrated that machine learning
approaches are able to identify patterns associated with individual participants across repeat
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measures. This observation indicates that (given enough longitudinal data) it might be
possible to incorporate routine checks for identity confirmation in data collection that is
stable to disease progression. Third, unsupervised assessment administration may result

in inappropriate performance due to misunderstanding of instructions or environmental
limitations. This surfaced as a concern in mPower, as noted in other similar smartphone-
based studies3”. A usability study of the mPower app (performed after the app was released,
using a small sample of nine participants) indicated that a fair proportion of the participants
failed to fully understand the instructions and, indeed, evidence for incorrect performance
of assessments could be directly observed in the data (Supplementary Fig. 10). As an
example, the walking assessment instructed participants to put the phone in the pocket

and walk, if possible, in a straight line for 30 s. Inspection of the acceleration signals

shows a full spectrum of noncompliant behaviors in a small subset of performances,
ranging from removing the phone from the pocket during the activity to performing the
assessment without carrying their phone. Such issues may be partially addressed through
clear instructions, animations and/or video tutorials—all of which have been incorporated
into later administrations of mPower (https://parkinsonmpower.org/your-story)—but must
also be addressed in analysis through administration of quality control measures designed to
disregard potentially faulty data3’.

RWD tracking provides a potential opportunity to monitor the effect on health assessments
of both medical and nonmedical factors throughout the course of daily life. In clinical
care, remote symptom tracking can be used to inform clinicians in managing patient
treatment strategies, including drug dosing. In the short term, RWD from smart devices
can replace patient recall to evaluate treatment efficacy between visits. In the longer term,
these approaches may enable a continuous monitoring system that allows clinicians to
manage patient care more dynamically and effectively. In clinical trials, there are also
efficiencies that can be realized from rapid and real-time monitoring. These approaches
allow an expanded assessment of drug effects to include participant-driven measures of
treatment efficacy. In addition, the longitudinal nature of RWD streams enables trial designs
that focus on precision-medicine approaches.

In both clinical care and in clinical trials, data analytics must address some of the statistical
considerations we have identified through this analysis. In particular, our analysis indicates
that symptom severity fluctuates in a manner that might be related to both medication effects
and to other factors. This observation raises two important considerations. First, the use of
remote assessments to evaluate medication effects—or other effectors relevant to clinical
care—must take into account confounding effects that may arise from other factors across

a variety of time scales. This can be addressed with intentional scheduling strategies for

data collection and with the application of statistical approaches that carefully consider
observed confounders when making inferences. In the presence of unmeasured confounders,
one approach that we propose is the use of instrumental variables in randomized experiments
with imperfect compliance to detect and estimate personalized treatment effects in mobile
health studies38.

Second, the capacity of sensor-based technology to identify changes in assessment
performance related to factors other than medicine supports the use of remote digital
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approaches to support personalized disease management. Because medication was the only
contextual annotation collected around assessment performance in mPower, it is not possible
to understand other factors causing this ToD effect; these may be biological (circadian
rhythms) or technical (routine changes in environment throughout the day). The promise
of personalized digital health assessments—and participant-led research—indicates that a
broader mechanism needs to be considered that supports annotation and contextualization
of such factors to develop actionable recommendations. This may include approaches

to collect contextual information through multisensored approaches to explicitly evaluate
the relationship between two factors, through passive monitoring measures that classify
contextual information, and/or through annotation programs that require participants to
report on context.

In addition to confounding, the analysis of digital health studies also needs to account for
the longitudinal nature of RWD. In particular, autocorrelation in the repeated measurements
can invalidate inferences drawn from standard statistical techniques developed to analyze
cross-sectional studies. The potential pitfalls associated with the analysis of longitudinal
data have been further illustrated for personalized analyses2® as well as population-level
analyses3°.

One of the main objectives of the mPower study was to evaluate the utility of open RWD
distribution to support development and utilization of effective analytical tools for digital
health assessments. In mPower, 67% of participants chose to broadly share their data with
qualified researchers (in comparison, 80% out of 216,000 people enrolled in 37 studies
using the same consent process chose to share their data broadly). Data collected over

the first 6 months of the mPower study was curated and released in conjunction with the
beginning of this analysis24. Over 180 individuals from 108 institutions have requested
access to the data and dozens of analysis has been performed that use the mPower data.
This community provides an opportunity to evaluate analytical approaches and benchmark
appropriate methods for use of sensor-based health data. Informal evaluation across research
findings is insightful. When results are comparable across groups, the community is assured
as to the validity of results. When results differ across groups, there is a need to further
evaluate research approaches. As an example, when comparing our classification results
with those of other investigators in the field, we have observed that many have inadvertently
not considered confounders (both age and gender, as well as identity confounders).

We have also worked to use the mPower data to develop best practices through a formal
benchmarking challenge designed to evaluate methods across the community for the
summarization of raw sensor readings into PD severity measures*C. Because the results
described in this analysis were developed by collapsing sensor data into an elementary set
of features selected based on previous literature?1-43, we anticipated that groups with more
sophisticated methods for feature extraction would report improved results. We launched a
DREAM challenge that was joined by 400 researchers who competed to derive features for
the gait test#4. The best performing method exhibited a 58% improvement in classification
of PD from gait data relative to the results reported in this initial analysis. Successful
development of measurements that are demonstrably better than others will require unbiased
benchmarking that can compare different methods directly and that can be deployed
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continually to allow for improvements and generalizability across study designs. As such,
the mPower study can provide an open resource that can continue to support benchmarking
of emerging methods relative to those that are now best in the field.

The mPower study rapidly achieved enrollment of large numbers of participants but
retention in the study declined exponentially (Supplementary Fig. 1). Although there were
clear limitations in the study design relating to incentives and communication that likely
affected retention, the observed retention rate matches patterns observed across several
mobile health applications®. Indeed, retention patterns in mobile research studies tend to
mirror use patterns for apps in general, rather than retention patterns observed in traditional
clinical research studies. This is a principal barrier to the use of technology-based remote
research studies. One factor that contributes to this retention issue is that the commitment
required to enroll in a remote study is often quite low relative to in-clinic studies. As such,
study populations include individuals that vary widely in their commitment to full research
participation. This was particularly prominent with mPower and the initial ResearchKit
applications that were announced to Apple enthusiasts as part of that company’s 2015
promotional event. Reducing the curiosity factor while encouraging long-term engagement
could be achieved through technical solutions that, for example, expose study components to
nonparticipants to satisfy curiosity or through protocol solutions that, for example, require
clinical referrals or other high-touch activities as part of enrollment22. The use of remote
studies to serve as registries for enrollment in subsequent studies is also an approach that
may address this issue.

Engagement and retention in remote research studies are also affected by an altered

value proposition for participation as compared with in-clinic studies. Although risks and
benefits for research participation must always be balanced to promote participation, remote
studies pose a new set of factors to consider in this value proposition. As an example,
studies that require frequently sampled RWD require participants to integrate these study
activities into the fabric of their daily lives, competing with other interests and obligations.
In addition, many new issues around data generation—including the use of frequently
sampled data streams, a participant’s own digital data, data collected through commercial
devices governed by third-party terms and/or passive monitoring—all contribute to real
and perceived changes to the privacy risks associated with participation. These issues can
be mitigated in part by minimizing the breadth or depth of data collection. This can be
achieved in many ways, including through study designs that replace continuous monitoring
with burst designs and on-device analytics that limit the transfer of high-dimensional data
and through mechanisms that allow participants to control data collection. We have taken
some of these approaches in a follow-up study called mPower progression, where we have
removed overlapping assessments and follow a burst model where 2-week bursts of daily
activities are designed to capture the daily fluctuations we observed in this study repeated
every 3 months to track long-term progression (https://parkinsonmpower.org/your-story).
One approach to understand and address the relevant issues that affect participation is to
actively incorporate participants into the process of study design3945. Qualitative content
collected from mPower participants24 and through interviews with PD patients indicated
that this population was most willing to engage in frequent, remote assessments when that
information could be shared back with themselves or their care team to inform disease
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management3%45, While some research studies may not be able to report results from such
activities without biasing research results, this highlights the need to provide value back to
research participants in a manner commensurate with the requirements for participation. We
also believe that evaluating the effects of engagement interventions through experimentation
will be important for the field to evaluate the best methods (https://parkinsonmpower.org/
your-story).

In summary, the use of smartphones and wearables to collect real-world evidence requires
the development of a recalibrated set of research methods as compared to capturing
measures in a clinical or laboratory setting. The complexities introduced by remote
assessments require careful consideration to support accurate inferences. Despite these
limitations, health research conducted through remote studies provides the potential to
greatly augment our ability to understand and monitor health. Our results contribute
evidence that remote, smartphone-based research studies provide an accessible approach
to support frequent, objective and personalized assessments of disease symptoms.

Online content

Methods

Any methods, additional references, Nature Research reporting summaries, source data,
extended data, supplementary information, acknowledgements, peer review information;
details of author contributions and competing interests; and statements of data and code
availability are available at https://doi.org/10.1038/s41587-021-00974-9.

Experimental Methods.

Smartphone application. The study was approved by Western Institutional Review
Board (WIRB protocol no. 20141369). The trial registration number is https://
wwuw.clinicaltrials.gov/ct2/show/NCT02696603. A smartphone application for PD called
mPower24 was built on ResearchKit, which is open source and available on GitHub
(https://github.com/Sage-Bionetworks/mPower). Data from smartphones were transmitted
to Sage Bionetworks, a nonprofit organization, via its Bridge Server, and to Synapse?*. The
smartphone application has three principal components. The first is a set of surveys on the
demographics, medical conditions (including whether the individual had been diagnosed
with PD), medications for PD (if applicable), and other questions on PD. The second is a
series of active assessments, including the following: (1) a speeded tapping test in which
participants tap with alternating fingers as fast as they can for 20 s, (2) a voice test in

which participants say ‘aaah’ for 10 s, (3) a gait test in which individuals walk forward

for 30 s, (4) a balance test in which individuals stand still for 30 s and (5) a memory test

in which individuals recall patterns of alternating lit flowers on a screen. Instructions for
each of these assessments are provided as part of the application. The third component is
passive monitoring of activity and location using a global positioning system that involves
measuring distance from a deidentified location. Because little data from passive monitoring
were collected in this study, those results are not presented here. For more details see ref. 24,
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Study participants.

The study was open to individuals with and without PD. Those who downloaded the
mPower application then completed an interactive, in-app informed consent process that
included a quiz on the risks, benefits and options for study participation and sharing.
Enrollment required correct answers to all questions, and individuals could take the
quiz several times. Participants then had to verify their email address to confirm their
enrollment?®,

In-clinic assessments.

To enable validation of assessments captured by the mPower application with traditional
clinical assessments, we recruited a subset of participants with and without PD to complete
up to three in-person assessments (baseline, month 3 and month 6) over 6 months. The
recruited individuals performed the assessments on the mPower application in-clinic in
addition to completing traditional research assessments, including the MDS-UPDRS4,

the Montreal Cognitive Assessment*, the Timed Up and Go test, Hamilton Anxiety and
Depression Scales*” and a patient-reported SE-ADL4S.

In addition, at the 6-month visit, individuals with PD who were taking levodopa were asked
to come into clinic in the “off” state (defined as not having taking their levodopa for at least
12 h) to perform the traditional motor tests and the smartphone assessments and then to
take levodopa and perform the same assessments in the ‘on’ state (at least 30 min after their
standard levodopa dose)*°. The University of Rochester Research Subjects Review Board
reviewed and approved this portion of the study.

Feature engineering.

The data captured from each of the activities consisted of raw data that was

summarized into features. These features were extracted using a feature engineering
workflow called mpowertools (https://GitHub.com/Sage-Bionetworks/mpowertools) that
also has documentation on all of the generated features (https://GitHub.com/
Sage-Bionetworks/mpowertools/blob/master/FeatureDefinitions.md). Wrapper functions
to extract features from data in Synapse database tables using mpowertools

are also made available (https://github.com/Sage-Bionetworks/mPowerRerun/tree/main/R/
FeatureExtraction). Feature extraction for all the activities, except the voice activity, was
performed using R programming language v.3.3.3 (ref. 59). Voice activity was processed
using the Matlab R2016a software. A brief description, by activity type, is provided next.

Tapping. Finger tapping activity measured dexterity, speed and abnormality in kinesis
(including hastening, faltering and/or freezing). Participants were instructed to lay their
phone on a flat surface and to use two fingers on the same hand to alternatively tap

two stationary points on the screen for 20 s. We recorded the screen pixel position (x, y
coordinates) of where participants tapped along with time-stamps of when. From the x, y
coordinate, a range of features were measured, including the total number of taps measuring
the tapping speed, frequency where neither the right or left point was tapped, summary
statistics on tapping interval between two points, summary statistics on the drift from each
point and correlation between the x, y coordinates as a surrogate for handedness®.,
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Voice. Sustained phonation activity measured changes in loudness, pitch, breathiness,
roughness and vocal tremor. In this activity participants were instructed to say ‘aaah’ into the
microphone at a steady volume for up to 10 s. The data from this activity include audio files
(in m4a format) containing recordings from the iPhone microphone. We extracted a range

of summary measures that quantify roughness and aperiodicity, including pitch estimates,
change in pitch estimates over time (jitter), change in amplitude over time (shimmer),
mel-frequency cepstrum (MFCC) bands and change in MFCC bands over time (MFCC
jitter)42.

Walk. Walk activity evaluated participants’ gait. The first release of the app (v.1.0, build
7) instructed participants to walk 20 steps in a straight line, turn around, stand still

for 30 s then walk 20 steps back. Subsequent releases omitted the return walk. For

each leg of this activity, data included measurements from the phones accelerometer,
pedometer and gyroscope in both raw and processed formats. Using the three-dimensional
(x, y, z) measurements from the accelerometer during the first 30 s, we computed the
average acceleration and jerk measurements. Different summary statistics of both the three-
dimensional measurements and average acceleration and jerk were used as features for
downstream analysis. Furthermore, sophisticated measures, such as the autocorrelation,
zero-crossing rate, detrended fluctuation analysis, TeagerKaiser energy operator, and
frequency interval of the Lomb-Scargle periodogram that characterize changes in body
motion were also used*3.

Balance. Walk activity also had a rest or balance test consisting of standing still. Like walk
activity feature sets, summary statistics of average acceleration and detrended fluctuation
analysis features were extracted for rest activity. Also, we computed turning time, postural
accelerations, postural energy and displacement volume changes characterizing the turning
events during the balance activity.

Statistical analyses.

Matching. Because the PD participants tended to be younger than the non-PD participants,
all the population-level analyses were based on a subset of age-matched participants.

We performed exact one-to-one age matching of PD and non-PD participants using the
Matchlt®2 R package. Matching was applied separately to male and female participants, and
the analyses were based on the pooled set of age-matched females and age-matched males.

Variability comparison between PD and non-PD participants. To compare the
variability of PD and non-PD participants, we first calculated the interquartile range (IQR)
of each feature of each participant, and then, for each feature, we compared the IQR
distribution of PD participants against the IQR distribution of the non-PD participants. (For
each participant, the IQR of each feature was computed from all longitudinal measurements
provided by the participant.) To remove long-term variation (due to, for instance, learning
trends), we detrended the feature data (by subtracting a lowess smoother) before calculating
the IQR values. Results were based on a subset of participants that contributed data for

at least 15 days (filtered from the set of age/gender-matched participants). Note that, for

the participants that performed the activity several times per day, we randomly selected
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a single record per day to enter the calculation of the IQRs. The number of PD/non-PD
participants available for these analysis in the tapping, walk, balance and voice assessments
corresponded, respectively, to 67/28, 16/6, 12/5 and 65/23 participants.

For each feature, we assessed if the median IQR of the PD cohort was larger than the
median IQR of the non-PD participants using a permutation test, where we shuffled
the disease labels and recomputed the median IQR values of the permuted PD and
non-PD cohorts. Explicitly, for each feature k, we computed two-tailed permutation
P values as, 2 x min(P(Sy < si), P(Sk > si)), Where the test statistic .S, was defined as

Si = median;(IQR ;%) — median (IQR j), where i and j index PD and non-PD participants,
respectively, and P(Sy < s) and P(Sy > si) were estimated as,

1+ YR 1Sh <)
B+1 ’

and

1+ YE_ | 1(si> s
B+1 ’

where B, S, and s, represent, respectively, the number of permutations, the value of the
statistic .S, computed at permutation b, and the observed value of 5.

Note that, for these analyses, we adopt the IQR statistic because, contrary to other robust
measures of dispersion such as the median absolute deviation (MAD), the IQR does

not assume that the data is distributed symmetrically. As pointed out in ref. 3, MAD
corresponds to finding the symmetric interval (around the median) that contains 50% of the
data (which is not a natural way to measure dispersion in asymmetric distributions). The
IQR statistic, on the other hand, does not suffer from this issue since the quartiles do not
need to be equally far away from the center.

PD versus non-PD classification. For all activity assessments, we built classifiers of
PD versus non-PD participants using both the random forest algorithm®* implemented in

the randomForest®® R package (with the default tuning parameter settings) and the ridge-
regression classification®® implemented in the gimnet R package®’ (using fivefold cross-
validation optimization implemented in the cv.glmnet function). For the ridge-regression
classification, we also standardized the features (by subtracting the mean and dividing by the
s.d.) before running the analyses. Classification performance was evaluated using the AUC,
and (balanced) accuracy metrics. The classifiers were trained and evaluated on 100 distinct
random splits of the data into training and test sets, with half of the data used for training
and half for testing.

Due to imbalance in demographic characteristics of the PD and non-PD participant cohorts,
as well as to the availability of longitudinal data contributed by the participants, we need to
be cautious about the potential sources of confounding, which we describe next.
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Evaluating education, gender and age confounding. In statistics and epidemiology,
a confounder is defined as a variable that influences both the ‘dependent variable’ (or
‘exposure’ or ‘treatment”) and the ‘response’ (or ‘independent’) variable, generating an
spurious association between the dependent and response variables. Confounding is a causal
concept and, therefore, cannot be described solely in terms of associations. Its definition
requires the use of causal diagrams describing our qualitative assumptions about the causal
relations between the variables®®. (See also Chapter 4 of ref. 59 for a gentle introduction to
the topic.)

Following the methodology proposed in ref. 26 (described in Supplementary Note 1),

we used causality-based confounding tests to evaluate if the predictive performance of a
classifier is influenced by measured confounders. The basic idea is to consider the causal
diagram describing the data generation process behind the classification task (which is
known in our application) and evaluate if the CI relationships observed in the data agree
with the ClI relations implied by the causal diagram. The goal is to evaluate if demographic
variables that are associated with the disease labels (such as age, gender and education in
the mPower data) are indeed confounding the predictions of classifiers of disease status
(PD versus non-PD). To this end, we train classifiers (using unmatched data) and evaluate
the CI relationships between the confounders, the labels and the classifier predictions (that
is, the predicted probability that a test set example is a PD case) in the test set. Only the
variables that are indeed confounding the predictions need to be used for the matching
adjustment. Supplementary Note 1 provides a detailed description of the approach, as well
as its application to the education, gender and age variables in the mPower data. The
methodology and results are presented in Supplementary Figs 11-30. We use standard
two-tailed (partial) correlation tests (based on Pearson correlations) and one-tailed (partial)
distance correlation tests®061 for testing for Cl relationships. (Note that the partial distance
correlation tests are one-tailed because distance correlation assumes values only between 0
and 1.)

Detecting identity confounding. Recent work in diagnostic machine learning2°:62.63,
showed that the accuracy of a classifier can be overestimated when the training/test sets are
generated using a record-wise data split strategy (that is, when a randomly chosen subset of
the records contributed by a participant is assigned to the training set, while the remaining
records end up in the test set). The reason is that having data of the same participant in both
the training and test sets encourages the classifier to recognize subject-specific patterns in
the test set that the algorithm learned from the training set, in addition to (or instead of)
learning about the disease characteristics. In other words, the feature-to-disease relationship
learned by the classifier is confounded by the identity of the subjects, and the classifier
might end up performing subject identification rather than disease recognition.

We assessed the presence of identity confounding in our datasets using subject-wise label
permutations (where all the records of a given participant are either assigned the PD or the
non-PD label, before splitting the data into training and test sets, during the permutation
process). Explicitly, for each activity assessment, our analyses were based on the following
two-step strategy:
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. First, we generated a disease recognition null distributionZ by randomly
shuffling the participant’s labels (PD versus non-PD) in a subject-wise manner
1,000 times, and calculating the AUC in each permuted dataset (using the same
record-wise data split across all 1,000 label shufflings). The presence of identity
confounding was assessed informally by inspecting if this null distribution
was centered at an AUC value larger than 0.5 (the baseline random guess
value for the AUC metric). Note that identity confounding leads to shift from
the 0.5 baseline AUC value because the subject-wise label shuffling strategy
breaks the association between labels and feature data, but still preserves the
association between features and participant identities, so that it neutralizes the
classifier ability to recognize disease, but still allows the classifier to learn
about the participant’s characteristics. The blue histograms in Supplementary
Fig. 2a—d show the disease null distributions for the tapping, walk, rest and voice
classifiers, respectively.

. Second, we computed the pseudo P value statistic proposed in ref. 22, which
corresponds to the probability of observing an AUC value larger than the median
of the disease recognition null distribution under the null hypothesis that the
classifier is not performing disease recognition and subject identification. The
pseudo Pvalues for the tapping, walk, rest and voice classifiers are depicted,
respectively, as the area under the black density to the right of the black line
in Supplementary Fig. 2a—d. A small pseudo P value indicate strong evidence
against the null hypothesis of no identity confounding.

To assess the robustness of the results to the training/test data splits, we report the results
from 30 distinct random splits of the data in Supplementary Fig. 2e—h.

Classification performance using collapsed features and subject-wise train/
test data splits. Due to the presence of strong age confounding (and slight gender
confounding) we adopted an age-/gender-matched subset of participants (described above)
for the PD versus non-PD classification analyses. Furthermore, due to the presence of strong
identity confounding in the data, we evaluated the classification performance in two distinct
ways: by collapsing the longitudinal feature data of each participant into median and IQR
summary values as well as by adopting a subject-wise train/test data split, in which all
longitudinal data (all records) of each participant were assigned to either the training or

to the test set. Note that both strategies avoid the identity confounding issue described
above. Furthermore, the collapsed feature strategy seems to have the extra advantage of
improving generalization, as reported before in the literature®4 (and also observed by us in
our analyses). To assess the robustness of the results to the training/test data splits, we report
the results from 100 random splits of the data (Supplementary Figs. 3 and 4). Furthermore,
to assess if the classification performance is better than a random guess, we also present
results based on shuffled labels, which provide information about the range of AUC and
balanced accuracy scores we can expect to see by chance.

For the classifiers based on collapsed features, we also provide analytical P values for
testing if the AUC score is >0.5. Explicitly, it has been shown®® that, when there are no ties
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in the predicted class probabilities used for the computation of the AUC, the test statistic of
the Mann-Whitney U test (U) is related to the AUC statistic by, U = nyny(1 — AUC), where n,

and n, represent the number of negative and positive labels in the test set (see section 2 of
ref. 66 for details).

In the presence of ties, the P value can be computed as the left tail of the asymptotic
approximate null,

nphy Aphplh + 1 npn z
U~ N npgz )_12n8,31)jz:; £t = 1)(tj + 1))

where n = ny + np, 7 is the number of groups of ties, and ; is the number of ties in group ;%.

Alternatively, we can get the P value as the right tail probability of the corresponding AUC
null, AUC ~ N(0.5, ¢%),

AUC(H—-0.5
Pvalue =1-®(——|,

¢

where ®() represents the cumulative distribution function of a standard normal distribution,
and

T
2 n+1 1

N 12npnp - 12nnnpn(n - l)j =1

t{tj= 1)+ 1).

Analyzing personalized medication response and daily fluctuations.

Data processing. In our personalized analyses, we investigate the influence of both
medication and time-of-the-day (ToD) effects. Because ToD is a circular variable, we have
that the linear term used in our models for encoding this variable will treat values such as
11:59 p.m. and 00:01 a.m. very differently (even though these values are only 2 min apart).
To avoid potential issues arising from the circularity of the ToD variable, we filtered out any
activities (records) that were performed between midnight and 5 a.m.

Every time a participant performed an activity assessment, the participant was asked if

the activity was done ‘Immediately before Parkinson medication’, ‘Just after Parkinson
medication (at your best)’, ‘Another time” or ‘I don’t take Parkinson medications’. For each
of the activity assessments we used this self-reported information to select participants that
performed at least 15 assessments before taking medication (that is, ‘Immediately before
Parkinson medication’) and at least 15 assessments after taking medication (that is, ‘Just
after Parkinson medication (at your best)’). Supplementary Fig. 7 reports the number of
assessments per participant (both before and after medication) used in the analyses.

For each participant, the data from each extracted feature was separately detrended with a
lowess smoother (so that our feature data, actually corresponds to the residuals of a lowess
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fit to the data point collection index). (Detrending was necessary to avoid artifacts, such as
detecting a difference between activities performed before and after medication due to the
learning trend, in participants that tended to perform activities before medication at a higher
frequency in the beginning of the study, before switching to performing after medication
activities at a higher frequency later on, or vice versa.) The data were also transformed to a
roughly normal distribution using a rank-quantile transformation,

q,—l(ﬂ],

n

where ®() represents the cumulative density function of the standard normal random
variable, r; represents the rank of the outcome value, y;, and » represents the number of

outcome data points.

Detecting putative treatment and ToD effects. One of our goals was to determine whether
a particular patient is responding to dopaminergic medication. However, because mPower is
an observational study, any association between treatment (medicated versus unmedicated)
and outcome (performance on the activity assessment) might be due to unmeasured
confounders, rather than to a causal effect of the treatment on the outcome. In particular,
causal inferences at the personalized level are especially vulnerable to confounding effects
that arise in a cyclic manner across the day (such as circadian rhythms and daily routine
activities). For instance, our data shows that some participants tended to perform the

‘before medication’ activity assessments earlier in the day than the ‘after medication’
assessments (Supplementary Fig. 31). For these participants, we cannot directly conclude
that an observed improvement in performance between assessments performed before versus
after medication are indicative of a medication effect, as the difference in performance might
be due to daily cyclic confounders.

A special characteristic of mobile health studies is that the ToD that the activity is
performed is always recorded by the smartphone. Because ToD can be potentially used as a
surrogate measurement for circadian rhythms and daily routine confounders, it is possible to
disentangle the putative effects of medication and cyclic daily confounders on the outcome.
As fully described in ref. 23, it is possible to determine if a participant is likely responding to
the medication or to the ToD, or both, using the strategy summarized next.

Following the methodology presented in ref. 25, for each separate feature we first
disentangle putative treatment effects from putative ToD effects by considering distinct
equivalence classes of causal models (involving the treatment, ToD and outcome variables),
and selecting the class that is better supported by the data, using CI tests implemented

via £tests in linear regression models for time series data. Next, we combine the results
across all features into a union-intersection test, where we test a global null hypothesis of no
putative treatment effect for any of the extracted features versus the alternative hypothesis
that there is a putative treatment effect for at least one of the features. (And, similarly, for
the putative ToD effect.) See ref. 25 for details. One important assumption of this approach
is that there are no unmeasured confounders influencing the treatment, ToD and the outcome
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variables. (This is why we qualify the effects as ‘putative treatment’ and ‘putative ToD’
effects. While ToD is the most important confounder of the treatment/outcome relationship
in personalized analyses, it might still be possible that the observed associations between
these variables might be generated to some extent by other unobserved confounders.)

To account for potential serial associations in the data, we repeated our analyses using three
distinct regression-based approaches (which account for residual autocorrelation in different
ways) including: (1) regression modeling with heteroscedasticity, and autocorrelation
consistent (HAC) covariance matrix estimation, based on the Newey—West HAC estimator8”
(using Bartlett kernel, and the automatic bandwidth selection procedure described in ref. 32,
and implemented in the sandwich R package®®); (2) regression modeling with autoregressive
integrated moving average®® (ARIMA) errors (using the auto.arima function of the forecast
R package’© to first select the autoregressive, moving average and differencing orders of

the models); and (3) a standard linear regression approach with independent and identically
distributed Gaussian errors (no serial association adjustment).

While both ARIMA and Newey-West HAC estimation assume the data is equally spaced
(which is not true in our application), studies have shown that application of the Newey—
West estimator to time series with missing data (and, hence, unequally spaced) still
generates asymptotically consistent estimates of the covariance matrix, as well as reasonable
performance in finite sample simulation studies’1:72. For this reason, we report the Newey—
West HAC estimator results in the main text. Results based on the other approaches are
largely consistent, although the ARIMA and Newey—\West approaches tended to detect a
larger number of significant findings than the standard linear regression. (Note that this is

in accordance with theoretical results’3 that show that when there is positive autocorrelation
in paired data, the A~tests (#tests) tend to be conservative. See ref. 25 for further details and
illustrations.)

The results presented in Fig. 2 and Supplementary Fig. 8 were based on two rounds of
multiple testing correction. The first is performed across all features, during the computation
of the union-intersection P value of each individual (as described in ref. 25). The second

is performed across the individuals, by applying multiple testing correction to the union-
intersection Pvalues. In both rounds of correction, we adopted the Benjamini-Hochberg
multiple testing correction procedure’.

Furthermore, to provide a measure of effect sizes, we also performed a relative importance
analysis33 of our personalized models. The basic idea is to decompose the &2 statistic, which
measures how much of the variability of the response (feature) is explained by the covariates
(medication and ToD), into the separate contributions of the medication and ToD covariates.
(Note that the relative importance contributions of each covariate sum up to the /2 value.)
Following recommendations in ref. 33, we adopted the method proposed by refs. 7576,

which estimates the relative importance of the variables using sequential sum of squares
averaged across all possible orderings of the covariates. (In our application, there are only
two possible orderings of the covariates, namely, feature ~ medication + ToD and feature ~
ToD + medication. The ~ symbol is notation for ‘regressed on’.) In our analyses, we used the
implementation provided in the relaimpo R package’’ (based on the Img option).
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Figure 2 reports the distribution of the relative importance for medication and of ToD
faceted by fluctuators versus nonfluctuator participants. Note that, because the personalized
analyses reported in Fig. 2 are based on a union-intersection test (where, for each participant
and activity, the union-intersection P value corresponds to the minimum Pvalue across all
features), we report the output of the relative importance analyses for the corresponding
most significant feature in each activity. For instance, for the medication analysis reported

in Fig. 2c, if the most significant feature for the first participant in the tapping activity is,

for example, the number of taps, then we report the relative importance of the medication
covariate calculated from the linear model that uses the number of taps as the response
variable. Similarly, for the ToD analysis reported in Fig. 2f, if the most significant feature

of the first participant is, for example, the mean tapping interval, then we report the relative
importance of the ToD covariate from the linear model that uses mean tapping interval as the
response.

Consistency between differences in PD and non-PD participants and the
direction of medication effects. To verify whether the direction of the putative
medication effects were consistent with the difference observed between PD and non-PD
participants, for each of the 186 features across the four activity tasks, we computed the
differences,

APD(feature) = medianpp(feature) — mediany, o, pp(feature),

where medianpp(feature) represents the median of the feature values computed among the
PD participants, and median,,,pp(feature) represents the respective quantity computed among

the non-PD participants, and compared the sign of A PD against the sign of the averaged
medication effect (computed across the PD participants that entered our personalized
analyses). Note that, for the computation of A PD, for each feature, we first collapsed the
longitudinal data of each participant into its median value and then used these collapsed
median values in the computation of medianpp(feature) and median,o,pp(feature).

It is important to point out that consistent A PDs and medication effects have opposite signs.
To see why, note that for features where higher values indicate better performance (such

as number of taps), a negative A PD indicates that PD participants tend to do worse than non-
PD participants. For the putative medication effects on the other hand, better performance
on these features is captured by positive effects (since our regression models use ‘before
medication’ as the baseline level for the medication variable, so that positive effects indicate
higher values after taking medication). As a consequence, for any feature where higher
values indicate better performance we have that negative A PDs will be consistent with
positive medication effects. For example, PD participants tend to show lower number of taps
in comparison with non-PD participants, generating, therefore, a negative A PD sign. On the
other hand, PD participants who respond well to the medication tend to show higher number
of taps after taking medication, leading to positive signs for the putative medication effects.

Similarly, for features where higher values indicate worse performance (for example, length
of the interval between taps) we have that positive signs for A PD will be consistent with

Nat Biotechnol. Author manuscript; available in PMC 2026 January 17.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Omberg et al. Page 22

negative putative medication effects. For example, PD participants tend to show longer
intervals between taps in comparison with non-PD participants, generating, therefore, a
positive A PD sign. On the other hand, PD participants who improve with medication tend to
show shorter intervals between taps after taking medication, leading to negative signs for the
putative medication effects.

Hence, for this analysis, we measure consistency in the direction of the putative medication
effects and A PD, by counting the number of opposite signs between these quantities across
all 186 features.

Association between in-clinic measures and the severity score derived from
mPower activities. We compared the mPower symptom severity score with three in-clinic
PD severity measures, namely, the total MDS-UPDRS, the SE-ADL and the Hoehn and Yahr
score. The mPower symptom severity score was derived as the average of the prediction
probabilities from each of the classifiers for the PD versus non-PD (one for each of the
smartphone assessments, tapping, walk, balance and voice), where the classifier was trained
in the mPower data and the predictions were generated for the ObjectivePD cohort data.

The trained classifiers and prediction probabilities were generated using collapsed features,
where we summarized repeated measures for each participant into the median and IQR
values. Association tests were done using Pearson correlation and an independent samples
two-tailed #test for the Hoehn and Yahr stage, both using Bonferroni multiple testing
correction.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Data [l il 30s\ |
gathering % N ﬁ y J U
N B . -
Tapping Voice Walk Balance Memory
Number of participants 12,162 8,744 4,590 4,590 1,274
Number of records 107,315 87,901 47,885 47,885 11,061
41 features 13 features 113 features 19 features
Feature
extraction + numberTap + Mvedian_FO0 + meanAA + meanAA
+ meanTaplinter + Mean_Jitter + meanAJ + ddVol
+ .. + .. + o + .
Data filter Analysis 1: PD versus non-PD classification of population
age-matched participants with at least five records
Number of participants 960 620 464 466
Number of records 38,494 36,990 18,029 19,077
Completed
demographics:
Analysis 2: pre—post medication analysis per participant 10,048
participants with at least 15 pre- and 15 postmedication records ‘ participants
Number of participants 123 118 69 ’ 70

Number of records 14,669 14,105 7,752 ‘ 7,916

Fig. 1 |. Data collection, processing and analysis of active performance assessments.
A total of 12,703 individuals consented and participated in the first 6 months of the

study. Individuals were encouraged but not obligated to complete all assessments. Level

of participation varied drastically across individuals (Supplementary Fig. 7). For data
gathering, we list the number of participants that performed the assessment at least once
(with total number of assessments or records recorded below). Because the memory
assessment seemed to reflect motor function rather than cognition, it was excluded from
subsequent analysis. Raw sensor data was summarized into 13-113 features per assessment
(Methods). Population-level analyses were performed using an age-matched subset of PD
and non-PD participants who had provided at least five measures per assessment to make
sure we captured participant variability (high users). Personalized analyses were performed
using the subset of PD participants who provided 15 measures before and 15 measures after
self-reported administration of PD medication.
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Fig. 2 |. Personalized fluctuations in performance across assessment and association with on/off
motor fluctuations and diurnal variations.

a, FDR-adjusted Pvalues (in —logqg scale) from the union-intersection (Ul) tests for putative
medication effects using Newey—West regression (Methods). The color-coded dots represent
the four activity tasks. Each position in the xaxis represents a participant, and reports the

Ul test Pvalues for each of the four activity tasks. For each activity task, the Ul test P

value of each participant corresponds to the minimum FDR-corrected P value across all
features of the participant. The yaxis reports the ‘double corrected’ Ul test Pvalues, where,
in addition to ‘within-participant’ correction across the features, we also perform a second
round of corrections across the participants, correcting for each activity separately. The
horizontal black line corresponds to a significance threshold of 0.05. b, Corrected P values
versus disease onset year for each participant, showing that medication fluctuators (FDR
<0.05) tend to be associated with disease history. ¢, Distribution of the relative importance
of medication, that is, the proportion of the variability that is explained by the medication,
faceted by on/off medication fluctuators.d, FDR-adjusted Pvalues (in —logyq scale) from the
Ul tests for putative ToD effects using Newey—West regression. Color-coded dots, positions
in the xaxis and activity tasks as shown in a. e, Corrected Pvalues versus disease onset
year for each participant, showing that ToD fluctuators (FDR <0.05) are not associated with
disease history. f, Distribution of the relative importance of ToD, that is, the proportion of
the variability that is explained by ToD, faceted by on/off ToD fluctuators. (Supplementary
Fig. 8 presents analogous results based on ARIMA and standard-regression models.)
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Fig. 3 |. Association between mPower active assessments collected outside clinic and disease
severity as measured in-clinic in the objectivePD cohort.

a—c, Performance on active assessments was summarized into a combined model consisting
of average performance across the four activity assessments (balance, tapping, walk and
voice) as determined by random forest model (Supplementary Fig. 3). This combined model
was correlated with total UPDRS (Bonferroni corrected 2= 1.8 x 1075, r=0.71) (a), SE-
ADL (corrected P=2.3 x 107°, r=-0.61) (b), and Hoehn and Yahr staging P values from

a two-tailed #test with Bonferroni correction (c). In a and b, error bars represent s.d. from
repeated MDS-UPDRS measurements. In c, the distributions are represented as boxplots
where the upper and lower bounds of the box represent third (Q3) and first (Q1) quartiles,
respectively; the horizontal line is the median; the upper and lower whiskers are given by
Q3+ 1.51QR and Q1-1.5 IQR, respectively; outlying points are plotted individually beyond
the whiskers, with the lowest and highest points representing the minimum and maximum,
respectively. All results are based on a cohort of 44 participants.
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