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From Active Tests to Co-Interpretation: Design Considerations for Data Representations in Parkinson’s Care DIS’26, June 13–16, 2026, Singapore

Table 3: Toolkit-based data representation concepts generated by the workshop participants. Data representation stickers are
highlighted in blue, action stickers in green, and custom participant-generated suggestions in orange.

Participant
ID(s)

Short-term Mid-term Long-term

P18 Multi-set bar chart
AI chatbot
Add comment
Set goal
Show more info

AI chatbot
Line chart
Add comment
Compare

AI chatbot
Density plot
Compare

P21 "Show tremor before and after med"
"Restart"

"Tremor long-term"
"Tremor all-term"
"Does my PD get worse or better?"

Multi-set bar chart
"Progress for me"

P29 Calendar
"Re-do"

Multi-set bar chart
"Compare with population"
"Compare with own development"
"Chat with doctor"
Generative AI explanation

Multi-set bar chart
Compare
"Compare over long time with average"
"Own development"

P07, P08, P26 "Do another test"
"Set medicine reminder"
Sleep data

Contact nurse/doctor
Multi-set bar chart
Bar chart
Text element

"Here you can follow med changes"
Multi-set bar chart ("Med changes")

P12, P16 Set goal
Show more info
Generative AI explanation
Pie chart

Radial chart
Multi-set bar chart
Contact
Add comment

Line chart
Density plot

(a) Data representation concept featuring the mental model of
data input and output (p29)

(b) Data representation concept featuring several AI elements
(p18)

Figure 3: Two results from the second workshop activity
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knowledge is in there. And they can tell me that you
missed some medications yesterday. So, do this to-
day and you need some bit more aerobic exercise and
things like. My personal health box... sort of, say... that
could replace all the buttons [...] and stuff." (p18)

While discussing AI-related features in detail was outside of our
workshop’s scope, we observed that especially technology-savvy
PwP in out workshop brought this topic up frequently. For example,
we observed during the group exercise that one of the participants
started to refer to ChatGPT experiences after noticing the AI icons
included in the workshop toolkit.

5 Interviews and live prompt-based prototyping
with healthcare professionals

This section describes the second stage of our design inquiry. We
provide information about the interview setting, recruitment and
data analysis. We also detail how we created the dashboard proto-
types that we used as design probes and conclude with the interview
findings.

5.1 Interview setting
The interviews were conducted remotely via Microsoft Teams and
led by the first and second author, while either the third or the
fourth author facilitated introductions and took notes on the inter-
view process. This was particularly relevant for the prompt-based
part as this was previously untested in live interviews. We used a
semi-structured interview format with a longer think-aloud activ-
ity, allowing participants to reflect on their clinical practices and
thoughts. The sessions lasted approximately 40-60 minutes and
were audio- and video-recorded with participants’ consent.

Each session followed a four-part structure. First, we introduced
the study and asked participants to briefly describe their back-
ground and experience in PD care (≈5 minutes). Second, we pre-
sented examples of active symptom-tracking tests to familiarize
participants with this form of data collection and to provide an
overview of the types of symptom data that can be generated (≈3
minutes). Third, participants engaged in a think-aloud activitywhile
exploring and discussing two dashboard prototypes (≈30–40 min-
utes). They were encouraged to verbalize their thoughts, relate
the designs to their clinical practice, and suggest changes. Probing
questions focused on when and how participants envisioned us-
ing such dashboards and whether, and to what extent, they would
involve PwP in this process. Fourth, participants were given the
opportunity to modify or adapt dashboard elements through live
prompt-based prototyping [64] (≈5–10 minutes). Participants ar-
ticulated their ideas verbally, while the first and second author
iteratively translated these into prompts using the prompt-based
tool Figma Make. Participants then reviewed the AI-generated de-
signs and commented on their accuracy and relevance.

Depending on technical constraints, participants either shared
their own screen or were given control of the researchers’ shared
screen while interacting with the prototypes.

5.1.1 Development of the dashboard prototypes as design probes.
We initially aimed to design a single dashboard prototype as a
design probe to elicit clinicians’ perspectives on how symptom data

derived from active tests performed in a smartphone app could be
used in clinical practice. We planned to create the prototype using
Figma’s design tool and then allow participants to adapt elements
using the prompt-based prototyping tool FigmaMake. However, due
to technical limitations in reproducing the original Figma Design
prototype with sufficient fidelity and speed when using Figma
Make, we decided to include two prototypes in the interviews:
one created using the traditional Figma Design tool (Fig. 4) and a
second developed iteratively directly within Figma Make (Fig. 5).
This ensured that Figma Make was able to efficiently and effectively
provide a re-designed visualization prototype. Using two prototypes
also enabled us to explore a broader range of interface elements
and data visualizations.

The design of the prototypes was explicitly informed by insights
from the PwP workshop. First, they support forms of comparison
that emerged in the workshop, particularly relating active test per-
formance to medication intake and enabling different forms of self-
comparison. Second, the prototypes - particularly the second design
(Fig. 5) - support flexible time frames, reflecting participants’ em-
phasis on how different temporal perspectives shape interpretation.
This was enabled through selectable time ranges and interactive
visualizations. Third, we incorporated elements related to the need
for clinical support and oversight, such as alert-like features, re-
flecting participants’ interest in communicating relevant changes
and receiving timely feedback from clinicians (Fig. 4).

Both prototypes focused on representations of fictional but re-
alistic data from five active tests, informed by a prior feasibility
study [71]. The designs included multiple information visualization
charts to compare data before and after medication intake, such
as heatmaps and combined line charts. Both prototypes followed
established design recommendations for clinical dashboards, in-
cluding the integration of patient demographics, visualization of
key clinical events, and visual indicators for trend tracking [62].

To support adaptability across clinical roles and contexts, we in-
corporated toggles and, particularly in the second prototype (Fig. 5),
multiple views [16]. In addition, we included the concept of a de-
rived metric [8], simulating a translation of active test data into a
performance score. We were particularly interested in how clini-
cians would interpret such a metric in relation to established clinical
assessment instruments such as the MDS-UPDRS.

The prototypes were intentionally designed as exploratory and
incomplete. For example, we deliberately did not provide expla-
nations for elements such as Alerts or Data spotlights in the first
prototype (Fig. 4). Rather than presenting a finished system, the
prototypes were intended to surface underlying assumptions and
to invite critique, comparison, and alternative interpretations. Par-
ticipants were explicitly informed that the designs were provisional
and were encouraged to comment on what they found useful, un-
clear, unnecessary, and potentially missing.

5.1.2 Recruitment. We recruited healthcare professionals with ex-
perience in treating patients with PD through our network. We
aimed to cover key clinical roles in PD care, such as neurologists,
nurses and physiotherapists, to be able to compare their perspec-
tives and needs. Table 4 presents an overview of the interview
participants. All participants provided informed consent before
participation.
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Figure 4: First dashboard prototype created with Figma Design
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Figure 5: Main section of the second dashboard prototype created with Figma Make
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Table 4: Healthcare professional participants

Participant
ID

Current or previous profes-
sional role in healthcare

Experience working
with PwP

HCP1 Physical medicine and re-
habilitation doctor

>15 years

HCP2 Neurologist >15 years
HCP3 Chiropractor 5–10 years
HCP4 Physiotherapist 5–10 years
HCP5 Neurologist >15 years
HCP6 Medical doctor 10–15 years
HCP7 Neurologist 10–15 years
HCP8 Medical doctor 5–10 years
HCP9 Nurse >15 years
HCP10 Nurse >15 years
HCP11 Physiotherapist 10–15 years
HCP12 Physiotherapist >15 years
HCP13 Physiotherapist 5–10 years
HCP14 Medical doctor 5–10 years
HCP15 Physiotherapist 10–15 years

5.1.3 Data analysis. All interviews were conducted in English.
They were audio- and video-recorded, as well as transcribed, using
Microsoft Teams’ automatic transcription feature. The first and
second authors conducted an inductive thematic analysis following
Braun and Clarke’s approach [17]. They independently familiarized
themselves with the transcripts, generated initial codes in NVivo,
and iteratively organized these into preliminary themes. Addition-
ally, the individual prompts from each interview, as well as the
resulting AI-generated designs, were received in this process. The
researchers thenmet to compare interpretations, resolve differences
through discussion, and collaboratively refine and consolidate the
final set of themes.

5.2 Interview findings
We identified three main themes that we present in this section: (1)
Active test data as a support for clinical tasks, (2) Active test and
additional contextual data as an enabler to better understand the
individual PwP, (3) Active test data as a mediator to inform and
motivate PwP. Each theme comes with a number of sub-themes that
we framed as use-cases for future clinical dashboards in PD care.
Additionally, we include an overview of the individual prompts
used by each HCP in the Appendix (Table A1).

5.2.1 Theme 1: Active test data as a support for clinical tasks. Sev-
eral participants framed active test data primarily as a resource to
support established clinical tasks, including medication manage-
ment and the planning and monitoring of treatment plans. This
perspective was most prominent among neurologists, medical doc-
tors, and physiotherapists. Use cases 1 and 2 illustrate two recurring
needs expressed within this context.

Use case 1: Improvingmedicationmanagement through hourly
motor-symptom data.

One underlying design assumption of the dashboard prototypes
was that a high-level overview aggregating weekly active test re-
sults over several months would best support clinicians’ medication
management needs. While participants valued such overviews for
long-term monitoring and research purposes, primarily neurolo-
gists and medical doctors (HCP2, HCP4, HCP5, HCP6, HCP7, HCP8,
HCP14) emphasized the need for more fine-grained views within a
single day to understand how medication timing relates to motor
symptoms. This need was described as particularly important for
PwP in intermediate and advanced stages of PD, who often take
medication multiple times throughout the day. One such adaptation,
created through prompt-based prototyping, is shown in Fig. 6 and
also illustrated in the following quote:

“Intermediate patients usually [...] take the drug 2-3
times a day, the Levodopa/Carbidopa [...]. For exam-
ple, [...] I expect that at 8:00, 9:00, 9:30 the performance
is very good like in this case, but at 11:00 this perfor-
mance may not be so good. So in this way I cannot
understand [...] the exact timing of the day [...]. This
representation of the symptoms doesn’t offer this to
me.” (HCP5, neurologist)

At the same time, participants recognized that achieving this
level of temporal detail would require substantially more frequent
active tests, increasing the burden on PwP. To address this ten-
sion, some clinicians proposed alternative strategies. For example,
HCP8 suggested concentrating data collection into a single inten-
sive testing week per month to capture day-to-day variation and
effects related to food intake. HCP2 speculated about estimating
test results at different times of the day based on tests conducted at
selected time points.

Several physiotherapists articulated a distinct set of needs when
engaging with the dashboard prototypes, which can be summarized
in the following use case:

Use case 2: Analyzing active test results in detail to plan and
monitor rehabilitation.

HCP4, HCP11, HCP13 andHCP15 (all physiotherapists) generally
regarded the performance score as a useful high-level indicator,
particularly for communicating progress to PwP. At the same time,
they emphasized that access to absolute test results from well-
established clinical assessments, such as the Timed Up and Go test,
was indispensable for their work. Additionally, some participants
expressed interest in more detailed sensor-generated data to better
understand movement quality and rehabilitation-relevant patterns:

“I don’t know what kind of data [...] you collect, but
[...] I’m guessing it’s [...] how many steps they took or
how long time the test took and so on. And that would
be interesting for me to know because if they walked
fast with longer steps, or if they walked more slowly
and took shorter steps." (HCP15, physiotherapist)

Furthermore, two clinicians (HCP6 and HCP8) suggested us-
ing active test data as a trigger for rehabilitation-related decision-
making, such as indicating the need for specific forms of physical
therapy. For example, HCP6 proposed that patterns in the data
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Figure 6: Suggested change by HCP 2 (neurologist), using the prompt: "Create a one single graph about the motor performance
of the patient during one single day."

could be used to indicate balance-related issues and recommend
targeted physiotherapy interventions.

5.2.2 Theme 2: Active test and additional contextual data as an
enabler to better understand the individual PwP. The dashboard
was also seen as an opportunity to get a better understanding of
individual PD trajectories. While active test data were perceived as
useful, additional contextual, patient-generated data were needed
to make sense of the data. Also, further information generated
by clinicians, such as the PD phenotype, was highlighted in this
context.

Use case 3: Using patient-generated contextual data as an
indispensable support to interpret active test and medication
data.

While PwP expressed a need for clinical supervision and support
in the first stage of our inquiry, healthcare professionals equally
emphasized the importance of receiving contextual information

from PwP to interpret dashboard data meaningfully (HCP3, HCP8,
HCP9, HCP12, HCP14). Such contextual information could, for
instance, contain whether the PwP was on holiday (HCP3), had a
stressful event (HCP3), performed physical activity (HCP9), was
sick (HCP14), or simply perceived that they had a good or bad week
(HCP3, HCP8, HCP9).

Another recurring example concerned information about med-
ication effects, which clinicians described as essential for under-
standing PD typical on and off states. An on state refers to periods
when symptoms are well controlled, whereas an off state describes
phases in which the effects of medication wear off, and symptoms
re-emerge:

“Sometimes the patient take the pill, but sometimes
the pill doesn’t work and the patient remains in off
state or sometimes happens like a delayed on. [...]
[I]t’s better [...] to leave the possibility to the patient
[...] to say [...] ‘the drug is working’ [or] ‘the drug is
not working.’” (HCP6, medical doctor, main topic PD)
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When connected to contextual information, active tests as a form
of evaluation in everyday life environments were perceived as a
valuable way to capture data that clinicians were not able to obtain
during clinical appointments, as indicated in the following use case:

Use case 4: Monitoring active test data to get a more complete
picture of individual motor symptoms.

In this context, one neurologist (HCP7) pointed out that in-clinic
assessments can provide a misleading snapshot because they may
capture patients in a temporary on state that does not necessarily
reflect symptom burden in everyday life. The clinician reinforced
the importance of remote monitoring in this context:

“What we see in our outpatient clinic does not neces-
sarily reflect the patient’s status at home just because
patients fluctuate in their symptoms. [...] So this is the
reason why the long-term monitoring at home, espe-
cially in advanced patients with Parkinson’s disease,
may be valuable [...] for improving the therapeutic
management.” (HCP7, neurologist)

Additionally, HCP14 pointed to a general lack of systematic
follow-up after medication changes. In current practice, it can take
up to three months before a phone consultation with the PwP takes
place to evaluate whether a new dosage is effective. Sensor-based
data was described as a way to provide earlier and more continuous
indications of how medication changes impact symptoms. A similar
need was underscored by HCP10 when PwP started with a new
therapy, referring to examples such as the magnetic resonance-
guided focused ultrasound treatment [23].

Finally, additional data from the clinician’s perspective were
considered useful to better interpret active test results:

Use case 5: Incorporating PD phenotypes for a more nuanced
analysis of active test data.

HCP6 and HCP7 emphasized that PD presents heterogeneously
across patients, for example, with some primarily affected by tremor
and others by gait disturbances or rigidity. This heterogeneity sug-
gests that active test results may not be interpreted uniformly across
patients but need to be situated in relation to individual disease
characteristics. In this context, both participants referred to so-
called PD phenotypes: clinically meaningful subtypes that describe
patterns of motor and non-motor symptoms and their progression,
an area of ongoing research [29, 37]. HCP7 further suggested that
a clinical dashboard should explicitly account for the individual
phenotype:

“I believe that it will be important for the system to
have the information of the clinical phenotype, be-
cause we know that different [...] phenotypes have
different evolution[s] and also different severity of
symptoms. For instance, it will be better for you to
know whether the patients has tremor or not, because
tremor can also affect voluntary movement. So it may
also affect the performance of finger tapping." (HCP7,
neurologist)

5.2.3 Theme 3: Active test data as a mediator to inform and motivate
PwP. This theme is characterized by considerations on how health-
care professionals envision exploring, discussing, and interpreting
data from active tests during clinical appointments between the
PwP and the clinician.

Use case 6:Co-interpreting data representations during clinical
appointments with PwP.

Several healthcare professionals indicated that they would use
the dashboard during clinical appointments together with the PwP
(HCP2, HCP8, HCP10, HCP13, HCP14, HCP15). In these shared
encounters, the dashboard was seen as a resource for jointly mak-
ing sense of symptom changes or fluctuations (HCP2), validating
the plausibility of the data through PwP feedback (HCP8, HCP10,
HCP14), and explaining current developments using the visualiza-
tions (HCP13). Participants also described using the dashboard to
obtain contextual information, such as illness or significant life
events, to help explain deviations in the data (HCP15), as well as to
highlight improvements visible in the data and confirm these with
the PwP (HCP14):

“Compared to last time, they are now much better
after our changes[...]. I would show that to them to
see if they [...] feel the same, if they can relate to that.
And also to discuss [...], yeah, you can use it as a tool
to discuss with them." (HCP14, medical doctor, main
area PD)

Together, these accounts position the dashboard not only as
an analytical tool but as a conversational artifact that supports
co-interpretation between PwP and clinicians during clinical en-
counters.

Finally, healthcare professionals involved in advanced PD treat-
ments, such as DBS or medication pumps, highlighted the potential
of active test data to motivate PwP by making treatment effects
visible over time (HCP3, HCP9, HCP10):

Use case 7: Using active test data to motivate PwP based on
evidence for the effect of advanced treatments.

HCP9 noted that clinical assessments such as the UPDRS are al-
ready used to document treatment effects in advanced PD. However,
they emphasized that active test data could complement these mea-
sures by helping PwP better grasp the extent of their improvement
over time:

“I’m referring to my DBS patients [...]. They forget
very quickly where they came from. [...] We can do
that years later and show them, ‘but this was your
situation when we started and this is you today’ [...]
because they need it to see the whole picture. So [...]
this [referring to the test performance visualization]
was also good way of showing them how the situation
is now and how it has been.” (HCP9, nurse)

This perspective was echoed by HCP10, who requested a ded-
icated visualization comparing active test data from before DBS
surgery with data collected 6 and 12 months post-surgery (Fig. 7).
These time points were described as particularly meaningful based
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Figure 7: Suggested change by HCP 10 (nurse), using the prompt: "Assume that the patient has received DBS treatment since
one year. On the overview page, add a new visualization that shows the test results before the DBS started, 6 months after and
12 months after."

on clinical experience with the expected trajectory of treatment
effects.

6 Discussion
Based on our findings, related work, and methodological approach,
we structure the discussion around three themes. First, we discuss
how PwP and clinicians rely on each other to co-interpret active
test data. Second, we outline the role of temporal framing in Parkin-
son’s data representations and how different time scales support
distinct needs and use cases. Finally, we reflect on prompt-based
prototyping as a novel complement to probe-based interviews.

6.1 PwPs’ and clinicians’ complementary needs
for co-interpreting active test data

We observed two recurring sense-making patterns across PwP and
healthcare professionals when engaging with active test data. First,
participants described a need for independent interpretation to de-
velop an initial understanding of the data, either from the perspec-
tive of the individual PwP or in relation to the specific clinical tasks
of the healthcare professional. Second, once this initial understand-
ing was formed and connected to emerging questions, hypotheses,
or potential treatment decisions, participants expressed a need to

align interpretations through verification, contextualization, and
iterative discussion.

Regarding PwP’s independent interpretation, our workshop find-
ings align with three of the five themes identified by So et al. [63].
We similarly observed that (1) individual disease outlooks shape en-
gagement with the data, (2) individual-level data over time can help
PwP track and understand their symptoms, and (3) population-level
data may be used as a resource to better interpret individual tra-
jectories. At the same time, prior work highlights risks associated
with social comparison in health data. While such comparisons can
be motivating, they may also lead to negative emotions such as
inferiority or disappointment [68]. Our workshop findings reflect
similar concerns among PwP, pointing to the need for future work
on social comparison strategies in chronic condition data sense-
making by building on existing research in HCI [68], information
systems [27], and psychology [4].

Regarding clinicians’ independent interpretation, our findings
echo several design recommendations by Seals et al. [62], such as
visualizing key clinical events and providing visual indicators to
support trend identification. Beyond these recommendations, we
identified aspects that are particularly relevant to the multifaceted
ways in which PD manifests. In line with ongoing clinical research
on PD heterogeneity [29, 37], especially neurologists and medical
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doctors emphasized that PD phenotypes could introduce an addi-
tional interpretative layer in clinical dashboards, enabling more per-
sonalized interpretations of active test results. For example, when
a PwP is affected heavily by tremor, the test result interpretation
would need to take this into considerations.

Additionally, we identified two insights specifically related to
independent sense-making of active tests. First, when reviewing
active test data, both PwP and healthcare professionals reflected
on the performance of the test itself. They raised questions such
as whether the hand more affected by tremor was used, whether
changes in test results reflected symptom changes or increased
familiarity with the test, and how individual traits such as compet-
itiveness may have influenced performance. In research on data
sense-making in self-tracking, Coşkun and Karahanoğlu identified
data annotation as a key activity in this process [21], emphasizing
how experiential context and subjective reflections enrich data in-
terpretation. This aligns with earlier HCI work highlighting the
experiential dimensions of self-tracking [36]. However, prior work
shows that recording and contextualizing personal health informa-
tion constitutes additional, often invisible work for patients, which
must be balanced against everyday life demands and may not be
sustained over time [1, 2]. Consequently, symptom-tracking apps
and clinical dashboards should provide opportunities for contextual
notes to support sense-making, while recognizing that consistently
expecting such notes may be overly optimistic.

Second, particularly for active tests such as finger tapping or
drawing, which differ from established clinical assessments like the
Timed Up and Go test, both PwP and clinicians valued derived met-
rics [8] as a way to translate complex sensor data into interpretable
outcomes. However, especially physiotherapists emphasized that
such derived metrics in clinical dashboards should mainly be an
optional alternative to absolute test results and more detailed data
(e.g., gait patterns or step counts). Neurologists and medical doc-
tors, in contrast, expressed interest in additionally mapping these
metrics to established clinical scales in PD, such as the MDS-UPDRS
[31]. As recent work has demonstrated progress in translating ac-
tive test data into these clinical scales [52], this desire appears
increasingly feasible. In any of these cases, technology designers
should however be aware of previously identified risks relating to
over-simplification of health data [55].

The second sense-making pattern aligns with what Mentis et
al. describe as co-interpretation in Parkinson’s care [48, 49]. Our
findings show that PwP and healthcare professionals rely on each
other when interpreting active test results. PwP often perceived
limitations in translating test data into treatment-related decisions
on their own, whereas clinicians emphasized that such decisions
could only be made when active test data were combined with
contextual input from PwP and collaboratively interpreted during
clinical appointments. A central concern in this process was val-
idating whether the data meaningfully reflected the PwP’s lived
experience.

Most healthcare professionals in our study expected the dash-
board to be used as a shared artifact during clinical encounters,
discussed jointly by PwP and clinician. This practice may reshape
how appointments are conducted and potentially shift established
forms of patient–clinician collaboration, echoing recent observa-
tions by Branco et al. [16]. While such shifts open up opportunities

for more participatory sense-making, they also raise concerns re-
lated to existing power dynamics. Prior work has shown risks such
as clinicians asserting their interpretations until patients relent [49].
Clinical dashboards may therefore need to not only support shared
data access, but also provide guidance for clinicians to facilitate bal-
anced and open discussions around active test data. Equally, such
guidance should be presented to PwP as a preparation for more
data-driven clinical appointments.

As a synthesis of this section, we provide the following design
considerations:

6.1.1 Design considerations.

(1) Support staged sense-making: Enable both PwP and clin-
icians to first explore active test data independently, before
transitioning to shared spaces that support joint discussion
and alignment.

(2) Situate active test data in the individual PD context: Al-
low active test results to be interpreted in relation to individ-
ual PD characteristics (e.g., phenotypes, dominant symptoms
such as tremor).

(3) Enable data annotation: Provide annotation features pri-
marily for PwP, and secondary for clinicians, to add contex-
tual notes about active test conditions or felt experiences to
support later interpretation.

(4) Balance derived metrics with absolute test results: Eval-
uate including derived metrics in data summaries for PwP,
while maintaining clinicians’ access to absolute test results
and detailed sensor data, as well as potential estimations of
established clinical scales like the MDS-UPDRS.

(5) Design for co-interpretation: Consider dashboards as
shared artifacts in clinical encounters and include guidance
for PwP and clinicians that encourages balanced dialogue
and validation of PwPs’ experiences.

6.2 The importance of specific time frames in
Parkinson’s data representations

Across both stages of our design inquiry, we observed that different
roles in PD care require different temporal framings of data, de-
pending on clinical responsibilities, patient needs, and different use
cases. While supporting multiple time frames creates opportunities
for more nuanced sense-making, it can also lead to previously re-
ported tensions in the context of self-care technologies by Nunes
et al. [55], which we come back to in this section.

Prior work on self-care technologies for PwP has largely focused
on either short-term temporalities, such as daily medication man-
agement [50, 60], or long-term perspectives, including year-by-year
representations of disease progression [50, 60, 65]. In contrast, the
mid-term time frame, described by our workshop participants as
spanning roughly one week to one month, remains comparatively
underexplored. Although we did not begin with explicit hypotheses
about the relevance of this mid-term window, the design concepts
generated during our workshop solidified its importance. Partici-
pants envisioned this time frame as particularly valuable for sup-
porting communication and alignment between PwP and clinicians,
or, in more speculative scenarios, with AI-based clinical support
agents. This finding resonates with previous work in HCI [50, 53]
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that emphasizes the importance of enabling PwP to reach out to
clinicians between consultations. Such communication is especially
important in PD care, where PwP closely observe how medica-
tion adjustments affect symptoms and daily functioning over days
or weeks. Despite this need, existing self-care technologies rarely
provide features that explicitly support this form of between-visit
communication [53].

Notably, while one of our dashboard prototypes included sig-
nifiers of PwP-initiated contact (e.g., a phone call icon), health-
care professionals rarely articulated use cases in which they would
proactively contact PwP based on dashboard data. Instead, com-
munication was largely framed as taking place within scheduled
clinical encounters, potentially reflecting structural constraints
such as time pressure and workload. This set of different expecta-
tions may contribute to tensions, where PwP attend closely to their
data and anticipate feedback, while clinicians are unable to offer
more frequent forms of contact.

While PwP in our study primarily emphasized mid-term time
frames, preferences for temporal views among healthcare profes-
sionals varied considerably and were shaped by their clinical re-
sponsibilities. We identified three distinct temporal orientations:
First, clinicians involved in medication management, primarily neu-
rologists and medical doctors in our interviews, sought insights
into daily symptom fluctuations in relation to medication intake, ac-
tivity, and motor performance. For these tasks, fine-grained, hourly
data were considered particularly valuable. Second, clinicians en-
gaged in rehabilitation and clinical research were more interested in
longer-term views, using data spanning months or years to assess
disease progression and changes in motor abilities. Third, clinicians
involved in advanced PD treatments, such as DBS or medication
pumps, predominantly nurses in our study, emphasized before-and-
after comparisons around treatment initiation. These time-framed
visualizations were seen as especially useful for supporting patient
motivation and reflection on treatment effects.

While the second and third temporal orientations align well
with PwPs’ needs and with the use of active tests for symptom
tracking, the expectation of obtaining hourly, active test–based
data introduces an additional tension. Prior work has shown that
even weekly active tests can create frictions when integrated into
everyday life, for example by conflicting with work, family, and
medication routines, requiring careful consideration of privacy, or
depending on an individual’s available energy and capacity on a
given day [44]. In this context, we interpret clinicians’ emphasis
on fine-grained, hourly-level insights as challenging to reconcile
with active testing alone. Rather than reflecting a direct preference
expressed by participants for passive monitoring, this highlights
a trade-off between the desire for high-frequency data and the
practical constraints of active testing, where passive monitoring
approaches [13] may provide a more suitable alternative for cap-
turing fine-grained temporal dynamics. This interpretation aligns
with earlier calls to balance active and passive forms of symptom
tracking in PD care [44].

The resulting design considerations provide additional starting
points for symptom-tracking and remote monitoring PD technol-
ogy:

6.2.1 Design considerations.

(1) Explore mid-term time frames as a design spaces in
PD symptom-tracking technology: Foreground week-to-
month views that may help PwP make sense of medication
effects and symptom changes in everyday life, while trans-
parently communicating how and when such data may be
taken up in clinical care.

(2) Carefully evaluate if hourly views for neurologists’
medication management are feasible from a PwP per-
spective: Fine-grained temporal views are valuable for med-
ication management. However, the data needed for this view
may come with frictions for PwP, even if passive monitoring
is used instead of active tests.

(3) Design views over several months to support rehabili-
tation planning, progress reflection, and shared goal-
setting: Temporal views across weeks or months may help
PwP and clinicians involved in rehabilitation (e.g., physio-
therapists) reflect on functional change, justify or adjust
physical therapy plans, and discuss progress over time.

(4) Provide explicit pre- and post-treatment views for ad-
vanced therapies to inform and motivate PwP: Before–
and after comparisons around treatment initiation (e.g., DBS
or medication pumps) should be included in clinical dash-
boards to support informing and motivating PwP, while
avoiding overly simplified narratives of improvement.

6.3 Prompt-based prototyping as a support in
eliciting needs for data representations

As described by Chen et al. in their GenUI study [20], recent ad-
vances in artificial intelligence have given rise to so-called Genera-
tive User Interface (GenUI) models that can generate high-fidelity
user interface mock-ups from high-level textual descriptions. This
approach - also referred to as prompt-based prototyping [64] - is
supported by tools such as Figma Make, Lovable, and Bolt, and is
currently being explored primarily within the software industry
[64]. While prompt-based prototyping comes with limitations in
terms of quality, fidelity, and originality, prior work also highlights
its potential to facilitate visual communication across roles and to
lower barriers to prototyping [20].

These potential benefits, combined with the time-intensive na-
ture of prototyping data visualizations, which is often restricted to
specialized roles such as UI designers or data scientists, motivated
us to explore whether an interview format using design probes
could benefit from adapting interface designs on the fly through
prompt-based prototyping. In the following, we briefly reflect on
our experiences with this approach as an additional support of
eliciting needs for data representations. We focus on the practical
feasibility of this approach, reactions from our interview partici-
pants, and how we perceived the value of this technique.

From a practical perspective, we initially questioned whether it
would be feasible to generate individualized design changes within
the limited time available during clinical interviews. During pre-
tests among the first and second author, we agreed that a waiting
time of at most 2–3 minutes would be acceptable for participants
while design adaptations were generated. In practice, we duplicated
the same Figma Make file for each interview and executed one to
two prompts per session across all 15 interviews. This allowed us to
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obtain adapted designs within the anticipated time frame, without
noticeably disrupting the interview flow. Based on this experience,
we found that the maturity of the selected GenUI tool at the time
of data collection (November–December 2025) was sufficient to
support prompt-based prototyping as part of an interview method.

Regarding participants’ reactions, we observed little overt sur-
prise in most interviews. Participants generally engaged with the
prompt-based prototyping activity without questioning the method
or seeking additional clarification from the facilitators, suggest-
ing that the approach was largely perceived as natural within the
interview context. However, two reactions stood out. First, one
participant with prior experience using AI-based design tools ex-
plicitly recognized the, at the time of the study, characteristic style
of generative UI outputs and, in comparison, expressed a stronger
preference for the manually created Figma design. Second, another
participant interpreted the prompt-based interaction itself as a
potential feature of a future system, asking whether a deployed
dashboard could adapt its views through a similar conversational
interaction. We consider this reaction particularly promising, as it
points toward future design opportunities in which prompt-based
adaptation becomes part of clinical data exploration rather than
solely a research method.

In terms of perceived usefulness, we primarily found value in this
technique as a means of generating a visual portfolio of different
user needs and perspectives. The prompt-based adaptations did not
lead to substantially new insights, which may be attributable both
to the limited time allocated to this activity during the interviews
and to the constrained expressive range of the generative mod-
els. Nevertheless, the resulting visual artifacts, when considered
alongside the prompts that produced them, offered an additional,
visually oriented lens for analyzing the interview data. It also gave
interviewees more agency, which fit well with our desire to allow
participants to self-explore and reflect, as well as in this case also
enact changes to consider the resulting visualization.

At the same time, rather than fully validating prompt-based
prototyping as a standalone method, we use it here as a comple-
mentary approach to surface clinicians’ reasoning, questions, and
sense-making processes during data interpretation. Accordingly,
this work does not aim to provide a formal evaluation of prompt-
based prototyping as a method, but rather offers an initial explo-
ration of its use within interview-based design research. As such,
it should not be seen as a replacement for more deliberate and
reflective design practices. Instead, we found it useful as a practical
technique for sense-making and communication, including the illus-
tration of participant perspectives in this paper, despite the known
limitations of AI-generated designs. Looking ahead, we see cautious
potential in applying this method in individual sessions with PwP.
If grounded in participants’ own data and carefully aligned with
data protection and ethical requirements, such an approach could
support more situated co-design of data representation concepts
in chronic condition care. However, such approaches may not be
appropriate in all contexts, and must be carefully positioned so as
not to undermine trust in clinicians or in the technologies involved
in care.

7 Limitations
Our findings from the PwP perspective are limited by the small size
of the participant group and by the absence of people living with
more advanced stages of Parkinson’s disease. The workshop format
itself would benefit from further refinement and validation, for
example with participants who differ in digital literacy in particular
regarding prior experience with self-tracking technologies. While
our interviews included a range of healthcare professionals, our
insights into role-specific needs require further validation. More
focused studies with individual professional groups (e.g., neurol-
ogists, physiotherapists, nurses) would be needed to deepen and
confirm the patterns we observed. Finally, both stages of our study
were exploratory by design. Translating these insights into clinical
practice would require longitudinal work that embeds concrete
data representations into everyday care settings and follows their
use over time. Such work needs to proceed with care, given the
challenges of research at the intersection of HCI and healthcare
[11].

8 Conclusion
Building on the concept of sensor-based active tests for Parkinson’s
symptom tracking, we conducted a design inquiry with PwP and
PD-experienced healthcare professionals to explore their respective
needs for data representation. Our findings highlight complemen-
tary needs of PwP and clinicians in co-interpreting active test data,
as well as the importance of role- and purpose-specific time frames
in PD data representations, from which we derive design considera-
tions. In addition, we reflect on prompt-based prototyping as a novel
way of supporting the elicitation of needs in health-related data
representations. Looking ahead, we see opportunities for future
work to further explore mid-term time frames in PwP self-care tech-
nologies, to better situate sensor-based data within individual PD
contexts - for example by accounting for different PD phenotypes -
and to develop approaches that address neurologists’ needs for fine-
grained medication management data while remaining sensitive to
the existing burdens PwP face in managing their condition.
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A Appendix
Table A1: Healthcare professional participants and their respective prompts during the interviews

Participant ID Current or previous profes-
sional role

Prompt (requested adaptation of the second dashboard prototype)

HCP1 Physical medicine and reha-
bilitation doctor

"In the ’Clinical Objectives & Patient Goals’ show before and after medication and indicate
which active test was used to come up with the score."

HCP2 Neurologist "Create a single graph about the motor performance of the patient during one single day."
HCP3 Chiropractor "Could you remove the Test Details tab, and replace it with ’Pre vs Post Medication Perfor-

mance’. Remove the linechart (Pre vs Post Medication Performance) from the overview
page. Make sure that the overview page shows a clear status overview of the patient state
right now."

HCP4 Physiotherapist "In the Pre vs Post Medication Performance section explain clearly how the Performance
Score is computed. Explain how it differs from the MDS-UPDRS. Make it more visible."

HCP5 Neurologist N/A
HCP6 Medical doctor "Include an additional element on the homepage quantifying the force of the patient and

a predictive score of the fall risk. Add the monthly calculated fall risk as an additional
element to the visualization of the test modalities."

HCP7 Neurologist "Add a section about the non-motor symptoms to help the clinicians visualize the main
issues such as pain or sleep disorder."

HCP8 Medical doctor "In the graph of the pre- and post-medication performance section incorporate 1) when
medication was adjusted and 2) a weekly patient-reported rating of whether the week was
perceived as good, average, or bad."

HCP9 Nurse "Improve the MDS-UPDRS in the linechart visualization to make it more visible. Add an
additional view which can be expanded in the overview tab for patients where they can
add their input as a note. Add alerts where something is an outlier in the linechart, like
when I took extra medication, or I forgot to take the medication etc."

HCP10 Nurse "Assume that the patient has received DBS treatment since one year. On the overview
page, add a new visualization that shows the test results before the DBS started, 6 months
after, and 12 months after."

HCP11 Physiotherapist "For the individual active test results view in the pre vs. post medication performance,
add also the absolute results from the different tests such as the number of taps for finger
tapping or the time of the timed up and go test."

HCP12 Physiotherapist "In the pre- vs. post medication graph, include indicators when the clinician annotated
notes and the possibility to create new notes (such as ’patient had the flu’). Include also
another section in the overview tab that includes all notes and the possibility to add notes."

HCP13 Physiotherapist "Instead of the performance score use an estimated UPDRS score."
HCP14 Medical doctor "Incorporate one year, and daily option in the time range as well. Include an AI section

with suggestions of where the patient’s symptom deteriorates more."
HCP15 Physiotherapist "Explain clearly what the 0–100 ’Performance Score’ means. Focus on how the test results

were translated to the ’Performance Score’."
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ABSTRACT2

Parkinson’s disease (PD) is typically assessed during short clinical visits using rating scales3
such as the Movement Disorder Society-Unified Parkinson’s Disease Rating Scale (MDS-4
UPDRS). These assessments provide only a snapshot of symptom severity and may not capture5
fluctuations in daily life. In this study, we examined whether wrist-worn actigraphy can be6
used to estimate MDS-UPDRS scores in people with Parkinson’s disease (PwP). Continuous7
accelerometer recordings at 25Hz were collected over up to 28 days using GeneActiv devices.8
From these recordings, three feature representations were derived: non-embedding actigraphy9
features, self-supervised accelerometer embeddings, and a combined feature set. A small set of10
regression models was evaluated using strict leave-one-participant-out cross-validation (LOPO-11
CV). Estimation performance varied across targets and feature sets. The strongest result was12
observed for MDS-UPDRS Part IV, where non-embedding features with Elastic Net achieved13
a mean absolute error (MAE) of 1.6 and a correlation of 0.83 between estimated and actual14
values. The combined feature set performed best for Part I (MAE = 3.0, r = 0.60), Part III15
(MAE = 8.2, r = 0.47), and the total MDS-UPDRS score (MAE = 13.3, r = 0.49), whereas non-16
embedding features performed best for Part II (MAE = 2.7, r = 0.61). Embedding-only models17
were competitive for some outcomes, but were not the best overall. Overall, the results show that18
month-long wrist-worn actigraphy contains information related to PD severity in daily life, although19
estimation accuracy remains limited and depends on the target of MDS-UPDRS. Wearable-20
derived measures may therefore provide complementary information to clinical assessments,21
particularly for motor complications.22

Keywords: Parkinson’s Disease, Actigraphy, MDS-UPDRS, Wrist-worn, GeneActiv, Machine learning23
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1 INTRODUCTION

Neurological disorders are a major cause of disability and often lead to declines in physical and mental24
functioning, thus harming life quality Organization (2006). Among these conditions, Parkinson’s disease25
(PD) is the second most prevalent neurodegenerative disease Ben-Shlomo et al. (2024); Dias et al. (2020).26
It is characterized by non-motor and motor symptoms that fluctuate during everyday life, with motor27
symptoms being central to the diagnosis Weintraub et al. (2022). To date, PD is typically assessed during28
episodic in-clinic visits, which may not fully capture symptom variability outside the clinical setting. These29
assessments are also often complemented by retrospective patient-reported diaries and questionnaires,30
which may be affected by recall bias and may not accurately reflect motor behaviour in free-living conditions31
Rodrı́guez-Martı́n et al. (2022); Kanellos et al. (2023). To address these limitations, wearable sensors have32
emerged as promising tools for continuous and objective monitoring of movement behaviour in people33
with Parkinson’s (PwP) under real-world conditions Adams et al. (2021); Kanellos et al. (2023); de Graaf34
et al. (2024); Farabolini et al. (2025); Bougea (2025). In particular, wrist-worn accelerometers can capture35
long-term actigraphy that reflects motor behavior across days and contexts beyond brief clinical visits Pan36
et al. (2014); Williamson et al. (2021); Sieberts et al. (2023).37
Notwithstanding promises, it remains unclear which actigraphy-derived features are most informative for38
clinically relevant PD severity outcomes and how they relate to established measures of disease severity.39
Despite the growing availability of wrist accelerometry, it is still uncertain which feature representations40
provide meaningful information about PD severity and whether learned representations from unsupervised41
ML could add value beyond established signal processing approaches for capturing physical activity and42
circadian metrics. More recently, machine learning (ML) and deep learning (DL) approaches have been43
applied to raw accelerometer signals to improve symptom severity assessment Hssayeni et al. (2021); Um44
et al. (2018). However, many of these approaches have focused on supervised or more structured settings45
rather than long-term free-living monitoring. Thus, the relationship between learned representations and46
established clinical scales such as MDS-UPDRS remains insufficiently explored.47
The MDS-UPDRS is widely used to assess the severity of motor and non-motor symptoms in PD and48
therefore provides a clinically relevant reference outcome. In this work, we examined whether features49
extracted from month-long GeneActiv recordings were related to MDS-UPDRS severity scores, including50
GGIR-derived activity summaries, nonparametric circadian rhythm metrics (e.g., inter-daily stability, intra-51
daily variability, relative amplitude), measures of activity fragmentation, and self-supervised accelerometry52
embeddings aggregated over time. We hypothesized that greater clinical severity would be associated53
with lower overall activity, higher fragmentation, and weaker/less regular circadian organization, and that54
embedding-based representations would capture complementary patterns of motor behavior beyond these55
features.56

2 RELATED WORKS

A number of studies have investigated the use of wearable accelerometers to characterize motor behavior57
in real-world settings. For example, Adams et al. Adams et al. (2021) deployed multiple wearable58
accelerometers to quantify activity patterns, gait characteristics, and tremor prevalence in PwP during59
both clinical assessments and free-living monitoring. Their work demonstrated that wearable sensors can60
capture meaningful differences between PwP and healthy controls in daily walking activity, including61
reduced step counts and altered gait characteristics in PD. Additionally, signal processing methods enabled62
quantification of tremor occurrence across daily activities by comparing the most-affected hand with the63
less-affected hand. For the most-affected hand, tremor was more prevalent in terms of duration during the64
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day, highlighting the potential of wearable sensing to reveal symptom manifestations beyond brief clinical65
visits. The monitoring duration in this study was limited to approximately two days and relied on multiple66
body-mounted sensors, which may limit scalability for long-term monitoring.67

Other work has focused on using wearable sensor data to model disease progression over time and68
estimate MDS-UPDRS Part III. Sotirakis et al. Sotirakis et al. (2023) collected longitudinal inertial sensor69
data during standardized walking and postural sway tasks over 18 months. From a large set of extracted70
kinematic features, the authors identified a subset that exhibited statistically significant temporal changes71
and used ML models to estimate motor severity scores (MDS-UPDRS Part III). Their results suggested72
that sensor-derived estimates could detect progression earlier than the clinical MDS-UPDRS Part III score,73
highlighting the potential of wearable sensing for sensitive monitoring of disease evolution, with their74
best-performing model achieving a root-mean-square error (RMSE) of 10.02, which is well above the75
minimum clinically important difference (MCID) reported for Part III in Mishra et al. (2024). In addition,76
their approach remains largely restricted to structured laboratory tasks and relies on predefined kinematic77
features extracted from controlled assessments.78

Other work has also investigated the use of wearable sensors to automatically estimate clinical79
severity scores during structured motor tasks. Bremm et al. Bremm et al. (2024) used a wrist-worn80
inertial measurement unit (IMU) sensor consisting of accelerometer, gyroscope, and magnetometer to81
quantify upper-limb motor tasks from the MDS-UPDRS Part III examination, including finger tapping,82
pronation–supination, and hand opening and closing. Using ML models, trained on extracted time- and83
frequency-domain features, they demonstrated high (94% accuracy) in classifying movement tasks and84
achieved moderate performance (68% to 92% AUROC) in classifying corresponding motor clinical85
scores. These findings illustrate the feasibility of automated scoring of motor assessments; however, such86
approaches remain dependent on structured task performance and supervised learning frameworks.87

Similarly, Zhao et al. Zhao et al. (2024) investigated how to identify a minimal set of representative88
activities from the MDS-UPDRS Part III examination for the self-assessment of Parkinson’s disease based89
on wearables. In their study, movement data were collected using a single wrist-worn inertial sensor90
containing accelerometers and gyroscopes while participants performed 14 standardized MDS-UPDRS91
Part III motor tasks under supervised clinical conditions. The tasks included upper-limb and coordination92
assessments commonly used in neurological examinations, such as hand opening and closing, finger93
tapping, and pronation–supination movements. From the recorded inertial signals, the authors extracted94
statistical and frequency-domain features and trained machine learning classifiers to evaluate both PD95
diagnosis (PD vs. healthy controls) and disease severity classification grouped into three classes (mild:96
scores 1–2, moderate: score 3, severe: score 4). To determine which activities were most informative,97
the authors evaluated classification performance for both individual tasks and combinations of tasks,98
selecting activities that provided complementary information with low inter-task correlation. Gradient99
boosting–based classifiers were used for estimation, and the results showed that combining a small subset100
of tasks substantially improved performance compared to single-activity models. The best-performing101
configuration achieved an F1 Score of 95.75% for PD diagnosis and a fine-grained disease-severity102
classification accuracy of 82.41%. These findings suggest that a reduced set of representative activities103
can lower the burden of clinical assessments while maintaining strong estimation performance. However,104
the severity estimation was based on MDS-UPDRS item scores corresponding to specific structured tasks,105
rather than overall disease severity, and therefore remains limited. In addition, similarly to other works,106
this approach relies on structured, supervised clinical tasks and therefore does not capture the variability in107
motor behavior during free-living daily activities.108
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Despite the growing literature on wearable sensing for PD, a number of gaps remain. Existing work109
focuses on structured task-based assessments conducted in clinical settings or during short-term monitoring110
periods Polvorinos-Fernández et al. (2024), rather than continuous observation of motor behavior in daily111
life. Moreover, relatively few studies investigate long-term free-living accelerometry or examine how112
wearable-derived representations relate to the different aspects of clinical severity measured by scales such113
as the MDS-UPDRS.114

In this work, we address these gaps by investigating the relationship between 1-month wrist actigraphy115
and clinical outcomes in PwP. Using recordings from GeneActiv devices, we examine multiple features116
derived from accelerometer data, including activity summaries, nonparametric circadian rhythm metrics,117
measures of activity fragmentation, and self-supervised embeddings learned from raw accelerometer118
signals. By evaluating associations between these representations and MDS-UPDRS scores, our study119
aims to better understand whether there is an association between the different parts of MDS-UPDRS and120
wrist-wearable actigraphy, and which aspects of long-term motor behavior captured by wearable sensors121
are most informative for clinical severity.122

3 MATERIAL AND METHODS

3.1 Data123

This analysis was based on data from the ParkApp study Ymeri et al. (2023), which received ethical124
approval from the Swedish Ethical Review Authority (application number 2022-02885-01). Thirty125
individuals diagnosed with PD were enrolled through the Academic Specialist Center Torsplan within126
Stockholm Health Services, Sweden. Participants underwent clinical evaluation using the MDS-UPDRS at127
baseline (day 1) and again at the end of the two-month study period (day 60).128

Throughout the study, participants wore a GENEActiv wrist-worn accelerometer, which collects raw129
and unfiltered accelerometer data, positioned on the dominant wrist or, when relevant, on the side most130
affected by PD symptoms. Prior to deployment, devices were fully charged and programmed to record131
continuous tri-axial acceleration data at a sampling rate of 25 Hz. Recordings continued until battery132
depletion, yielding up to maximum 28 days of uninterrupted data per participant. Following data quality133
assessment, recordings from 27 participants were retained for analysis; exclusions were due to device134
failure (n = 2) and study withdrawal (n = 1).135

3.2 Pre-processing, and feature extraction136

Raw triaxial acceleration, ambient light, and skin temperature were recorded using GeneActiv devices,137
which store the data in binary files. These raw files were converted to comma-separated values (CSV) files138
with the GENEAread package for R.139

Activity and sleep-related metrics from raw accelerometry files were analyzed using the GGIR van140
Hees et al. (2026) package in R, which performs automated calibration, non-wear detection, and signal141
processing directly from raw acceleration signals. GGIR internally aggregates the signal into short epochs142
(default 5-second windows) and derives time-domain physical activity measures and circadian rhythm143
indicators. The outputs used were daily summaries of physical activity, sleep parameters, and circadian144
rhythm metrics, extracted for each participant.145

Whereas, circadian rhythm fragmentation metrics were computed using the nparACT Blume et al.146
(2016) package for R. For this purpose, raw acceleration signals were aggregated to a one-minute level by147
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Figure 1. Number of valid days per patient as derived from GGIR package.

averaging the vector magnitude (
√
x2 + y2 + z2) and converted to CSV files using the aforementioned148

GENEAread package. Afterwards, these minute-level activity series were then provided as input to149
nparACT, which computed nonparametric circadian metrics, including interdaily stability (IS), intradaily150
variability (IV), relative amplitude (RA), and L5 and M10 activity levels. Other actigraphy summary151
measures were extracted using the Actigraphy Toolbox Tsanas (2022a) following the methods described in152
Tsanas (2022b); Tsanas et al. (2020).153

Quality-control procedures excluded days with insufficient wear time or incomplete recordings. Only154
valid days that met the predefined data completeness criteria were retained for analysis, and Figure 1155
illustrates the number of valid recording days per participant.156

In addition to the above-mentioned activity features, representation learning was applied to derive data-157
driven features from the raw accelerometer signals. To achieve this, the triaxial acceleration data were158
resampled to 30 Hz using linear interpolation to match the input requirements of the embedding model.159
The signals were then segmented into fixed-length windows of 10 seconds with a 50% overlap (5-second160
stride). Prior to windowing, the acceleration signals along each axis were standardized per participant using161
z-score normalization.162

Each window was subsequently processed using the pretrained HARNet10 model from the163
ssl-wearables framework developed by the OxWearables Yuan et al. (2024). This model is a164
convolutional neural network trained using self-supervised learning on large-scale wearable accelerometer165
datasets, 700,000 person days of accelerometer data from the UK Biobank, collected in free-living166
conditions, to learn generalizable representations of human movement. The output of the model’s feature167
extraction layer was used to obtain a fixed-length embedding vector for each window.168

Finally, window-level embeddings were aggregated at the participant level by computing the mean169
embedding across all windows, resulting in a single feature vector summarizing the overall movement170
characteristics of each participant during the monitoring period.171
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After all feature sets were extracted, they were then combined into a single dataset comprising GGIR-172
derived activity summaries, nonparametric circadian rhythm metrics from the nparACT package, actigraphy173
summary measures from the Actigraphy Toolbox, and self-supervised accelerometer embeddings. To174
distinguish analogous metrics computed using the different libraries, variables derived using the Actigraphy175
Toolbox were labeled with the suffix “ AT” (e.g., M10 AT, L5 AT, RA AT, IS1 AT, IV1 AT). All these176
features were aggregated at the participant level by averaging across recorded days.177

The resulting feature tables were merged using the participant identifier as a key, producing a single178
participant-level feature matrix. Afterwards, clinical outcome variables were obtained from the baseline179
MDS-UPDRS assessment and were used as estimation targets in the following modelling analysis.180

3.3 Model training and evaluation181

The targets for the model training and evaluation were clinical severity outcomes derived from the baseline182
MDS-UPDRS assessment, including the Part I, II, III, and IV subscores and the total MDS-UPDRS score183
(Tot UPDRS).184

To simplify the modelling strategy and avoid information leakage associated with fold-specific feature185
selection, no additional feature selection was performed. Instead, three feature configurations were evaluated186
separately:187

1. Non-embedding only: actigraphy-derived variables from GGIR, nparACT, and the Actigraphy188
Toolbox;189

2. Embedding only: the 1024-dimensional self-supervised accelerometer embeddings;190

3. Combined: non-embedding actigraphy-derived variables together with the self-supervised191
embeddings.192

A small set of regression models suitable for small-sample, high-dimensional data was evaluated,193
including Ridge regression, Elastic Net, and Partial Least Squares (PLS) regression. For analyses that194
included embedding features (embedding-only and combined feature sets), an additional PCA+Ridge195
pipeline was also evaluated. In this approach, principal component analysis (PCA) was applied to the196
embedding subset within each training fold, while non-embedding features were left unchanged. The197
embedding dimensions were replaced by a small number of principal components before fitting a Ridge198
regressor. This dimensionality reduction step was included to mitigate overfitting and improve stability in199
the high-dimensional embedding space. The number of retained components was fixed to five in the main200
analysis as a pragmatic low-dimensional representation suitable for the limited sample size. Exploratory201
sensitivity analyses using 2, 3, 4, 5, 6, and up to 13 components indicated that performance was generally202
strongest in the low-dimensional range of approximately 4-6 components, whereas larger representations203
led to poorer results. Thus, this supported the use of five retained components in the main analysis.204

Hyperparameters were fixed for the main analysis rather than tuned by nested cross-validation, in205
order to reduce variance and avoid over-optimization given the limited sample size. Instead, a small206
manual sensitivity analysis was performed separately for each feature configuration, and one fixed setting207
per model was then retained for the final LOPO-CV evaluation. Because the scale and structure of the208
estimator space differed substantially across the non-embedding, embedding-only, and combined feature209
sets, hyperparameters were selected independently within each configuration rather than constrained to be210
identical across models or feature sets. For the non-embedding feature set, the fixed model configurations211
were: Ridge regression with α = 100, Elastic Net with α = 0.5 and ℓ1 ratio = 0.5, and PLS regression212
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with three latent components. For the embedding-only feature set, the fixed configurations were: Ridge213
regression with α = 1000, Elastic Net with α = 0.5 and ℓ1 ratio = 0.5, PCA+Ridge using five principal214
components with Ridge α = 0.5, and PLS regression with two latent components. For the combined feature215
set, the fixed configurations were: Ridge regression with α = 1000, Elastic Net with α = 1 and ℓ1 ratio216
= 0.9, PCA+Ridge using five principal components with Ridge α = 100, and PLS regression with two217
latent components. These values are not directly comparable across model classes, since Ridge, Elastic218
Net, and PCA+Ridge impose regularization in different ways and operate on estimator spaces of different219
dimensionality.220

Model performance was evaluated using strict leave-one-participant-out cross-validation (LOPO-CV). In221
each iteration, one participant was held out for testing, and all remaining participants were used for model222
fitting. All preprocessing steps were performed within the training portion of each fold only. Specifically,223
when applicable, PCA was fit on the training embedding subset only and then applied to the held-out224
participant. Standardization using z-score normalization was likewise fit on the training data and applied to225
the corresponding test participant.226

Performance across LOPO folds was summarized using mean absolute error (MAE), root mean squared227
error (RMSE), and Pearson correlation coefficient. In addition, model performance was interpreted relative228
to the Dummy baseline, and the difference in MAE between the Dummy regressor and the best-performing229
non-Dummy model was used as a simple measure of improvement over baseline.230

3.3.1 Surrogate testing231

As a baseline, a Dummy regressor was evaluated in each LOPO-CV fold. This model estimates the232
mean target value of the training participants and therefore does not use any feature information. It served233
as a reference for assessing whether the evaluated models provided estimation value beyond a trivial234
mean-based estimator.235

4 RESULTS

Estimation performance varied across clinical targets, feature sets, and regression models, and no single236
approach consistently performed best across all outcomes.237

For MDS-UPDRS Part I, the lowest error was obtained with the combined feature set using PLS regression238
(MAE = 3.0, RMSE = 3.8, r = 0.60), representing a modest improvement over the Dummy baseline (MAE239
= 4.1). For Part II, the best performance was achieved using non-embedding features with Elastic Net240
(MAE = 2.7, RMSE = 3.5, r = 0.61), compared with MAE = 3.6 for the Dummy model. For Part III,241
the lowest error was observed with the combined feature set using Elastic Net (MAE = 8.2, RMSE = 9.9,242
r = 0.47), but gains over the Dummy baseline (MAE = 9.4) remained limited. For Part IV, the strongest243
result was obtained using non-embedding features, where Elastic Net achieved the lowest error and highest244
correlation overall (MAE = 1.6, RMSE = 2.0, r = 0.83), thus, outperforming the Dummy baseline (MAE =245
3.1). For the total MDS-UPDRS score, the combined feature set with Elastic Net had the best performance246
(MAE = 13.3, RMSE = 16.2, r = 0.49), compared with 15.2 for the Dummy model.247

Across feature sets, non-embedding actigraphy-derived variables were most informative for Part II and248
Part IV, whereas the combined feature set performed best for Part I, Part III, and the total MDS-UPDRS249
score. Embedding-only models were competitive for some outcomes, particularly Part I (PLS: MAE = 3.0,250
r = 0.58), but did not outperform the best models from the other feature sets. Overall, all best-performing251
models showed improvement over the Dummy baseline, although the magnitude of this improvement varied252
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Table 1. Estimation performance across all feature sets under leave-one-participant-out cross-validation.
Within each feature-set block and target, the lowest MAE is shown in bold. Pearson correlation is reported
as NA for the Dummy baseline.

Feature set Target Model MAE r
Non-embedding only

Part I Ridge 3.8 0.32
Part I PLS 3.9 0.35
Part I Elastic Net 4.1 0.32
Part I Dummy 4.1 NA
Part II Elastic Net 2.7 0.61
Part II Ridge 3.1 0.38
Part II PLS 3.2 0.46
Part II Dummy 3.6 NA
Part III Ridge 8.8 0.23
Part III Elastic Net 9.1 0.41
Part III Dummy 9.4 NA
Part III PLS 9.8 0.28
Part IV Elastic Net 1.6 0.83
Part IV PLS 1.7 0.81
Part IV Ridge 1.8 0.80
Part IV Dummy 3.1 NA
Total Ridge 13.8 0.28
Total Elastic Net 13.9 0.49
Total PLS 14.4 0.36
Total Dummy 15.2 NA

Embedding only
Part I PLS 3.0 0.58
Part I PCA+Ridge 3.3 0.49
Part I Ridge 3.3 0.45
Part I Dummy 4.1 NA
Part II PCA+Ridge 3.3 0.31
Part II Ridge 3.5 0.12
Part II Dummy 3.6 NA
Part II PLS 3.7 0.20
Part III Elastic Net 9.3 0.39
Part III PCA+Ridge 9.3 0.23
Part III Dummy 9.4 NA
Part III Ridge 9.4 0.23
Part IV Ridge 2.4 0.50
Part IV PLS 2.4 0.55
Part IV PCA+Ridge 2.6 0.48
Part IV Dummy 3.1 NA
Total PCA+Ridge 14.4 0.27
Total Ridge 15.1 0.15
Total PLS 15.2 0.28
Total Dummy 15.2 NA

Combined
Part I PLS 3.0 0.60
Part I Ridge 3.3 0.49
Part I PCA+Ridge 3.6 0.40
Part I Dummy 4.1 NA
Part II PCA+Ridge 3.1 0.42
Part II Ridge 3.5 0.19
Part II Dummy 3.6 NA
Part II Elastic Net 3.6 0.12
Part III Elastic Net 8.2 0.47
Part III PCA+Ridge 8.9 0.23
Part III Ridge 9.3 0.26
Part III Dummy 9.4 NA
Part IV PCA+Ridge 1.8 0.80
Part IV Ridge 2.3 0.57
Part IV PLS 2.3 0.58
Part IV Dummy 3.1 NA
Total Elastic Net 13.3 0.49
Total PCA+Ridge 13.8 0.32
Total Ridge 15.1 0.18
Total Dummy 15.2 NA
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Figure 2. Observed versus estimated MDS-UPDRS outcomes for the dummy baseline (grey) and the
best-performing non-dummy model (blue) for each target. The dashed diagonal indicates perfect agreement
(y = x). The shaded blue band represents ±1 MAE around the identity line for the best-performing
model. For each outcome, the annotation box reports the selected best model, feature set, MAE, and
Pearson correlation. Pearson correlation is shown as NA for the dummy baseline because, under leave-
one-participant-out cross-validation, its fold-specific mean estimations yield a correlation that is not
meaningfully interpretable.

across targets, with the clearest gain observed for Part IV, which also showed the strongest correlation253
(r = 0.83).254

These results can also be seen in Figure 2, which illustrates the relationship between observed and255
estimated scores for the Dummy baseline and the best-performing model for each target. The best256
models generally followed the overall trend in the observed data more closely than the baseline, although257
estimations remained somewhat compressed toward the mean for some outcomes, particularly for Part III258
and the total MDS-UPDRS score. Also visually, the strongest agreement between observed and estimated259
values was observed for Part IV, whereas performance for Parts I-III was more modest.260

5 DISCUSSION

This study investigated the feasibility of estimating MDS-UPDRS severity scores from wrist-worn261
actigraphy in PwP. Using up to 28 days of continuous GeneActiv recordings, we evaluated whether262
free-living movement patterns could provide information related to the MDS-UPDRS Part I-IV subscores263
and the total MDS-UPDRS score. Considering the limited amount of PwP we needed to limit the risk264
of overfitting. Thus, the final analysis used a small set of fixed regression models under strict LOPO-265
CV, and compared three feature configurations separately: non-embedding actigraphy-derived features,266
self-supervised accelerometer embeddings, and their combination.267
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Overall, the results indicate that long-term wrist actigraphy contains some information related to PD268
severity, although the estimation value varied across targets. The clearest and most consistent finding269
was observed for MDS-UPDRS Part IV, for which the strongest performance was obtained using non-270
embedding actigraphy-derived features. In particular, Elastic Net achieved a MAE of 1.6 and a correlation271
of 0.83, substantially improving from the Dummy baseline. This can be clinically reasonable, as Part IV272
reflects motor fluctuations and dyskinesias, which are inherently temporal phenomena and may therefore273
be more directly expressed in long-term activity patterns captured by wearable sensors in daily life.274

The comparison across feature sets suggested that different representations captured different aspects of275
disease severity. Non-embedding actigraphy-derived variables were most informative for Part II and Part276
IV, whereas the combined feature set performed best for Part I, Part III, and the total MDS-UPDRS score.277
Embedding-only models were competitive for some outcomes, particularly Part I, but did not outperform278
the best models from the other feature sets. This pattern suggests that extracted actigraphy features and279
learned representations from HarNet10 are not interchangeable, but instead capture different aspects of the280
behavioural signal.281

In contrast to earlier expectations, combining embeddings with non-embedding features provided some282
benefit for selected targets, particularly Part I, Part III, and the total MDS-UPDRS score. However, these283
improvements were not consistent across all outcomes, and gains were generally small. This likely reflects284
the difficulty of feature fusion in a small-sample, high-dimensional setting, where additional estimators can285
introduce redundancy without substantially improving generalization. Thus, the results suggest that the286
usefulness of wearable-derived features depends on the target outcome and that combining representations287
may be beneficial in some targets but not all.288

For the embedding-only analyses, PCA-based dimensionality reduction proved to be beneficial only when289
the representation was strongly compressed. Exploratory sensitivity analyses indicated that performance290
was generally strongest when the embeddings were reduced to a small number of principal components291
(4-6), whereas retaining a larger number of components led to poorer results. This suggests that the292
most informative embedding-based signal is concentrated in a relatively low-dimensional latent space,293
and that retaining more components may primarily introduce redundant or noisy variation in the present294
small-sample setting.295

Compared with previous studies, the present work differs in that it focuses on passive, free-living296
monitoring rather than structured clinical tasks. Much of the existing literature has used wearable sensors297
to analyse standardized motor tasks performed under supervision, such as finger tapping, pronation-298
supination, gait, or balance assessments Bremm et al. (2024); Zhao et al. (2024); Sotirakis et al. (2023).299
Such approaches can achieve high performance for task-specific scoring, but they rely on controlled300
conditions and short observation periods. In contrast, the present study examined whether clinically301
relevant information could be extracted from continuous wrist actigraphy data collected in daily life over a302
numbre of weeks. This design better reflects natural behaviour, but it also introduces variability unrelated303
to disease severity, making the estimation task more challenging.304

A number of limitations should be considered when interpreting these findings. First, the sample size was305
small, with only 27 participants retained for analysis, which limits statistical stability and generalizability.306
Second, although strict LOPO-CV was used and preprocessing was performed within each training fold307
only, the model settings were intentionally conservative and not optimized using nested cross-validation.308
This reduced the risk of overfitting, but may also have limited better performance. Third, passive wrist309
actigraphy primarily captures broad movement behaviour and may not fully represent specific clinical310
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constructs assessed in the MDS-UPDRS, such as rigidity, fine motor impairment, or tremor characteristics.311
This is likely one reason why some subscales showed only modest improvements over the Dummy baseline.312

The interpretation of performance relative to the Dummy baseline is also important. While some targets313
showed clear improvements, others showed only modest gains, indicating that the wearable-derived signal314
was not uniformly strong across all MDS-UPDRS parts. In particular, improvements for Part I and Part315
III were limited despite the use of combined feature representations. These results suggest that long-term316
actigraphy may provide complementary information for selected aspects of disease severity, rather than a317
complete proxy for clinical scoring.318

When interpreted relative to published minimal clinically important difference (MCID) thresholds for319
the MDS-UPDRS Mishra et al. (2024), the present results should be considered cautiously. Among the320
evaluated outcomes, the lowest estimation errors were observed for Part IV, which also showed the clearest321
improvement over the Dummy baseline. However, even for this outcome, the best MAE (1.6) remained322
above the reported MCID range of approximately 0.8-0.9 points. For Part II, the best MAE approached the323
published MCID threshold, but this was not accompanied by a comparably strong correlation, suggesting324
limited robustness of the association. Parts I, III, and the total MDS-UPDRS score also remained above their325
corresponding published MCID thresholds. Overall, these comparisons suggest that the wearable-derived326
features contain relevant information for selected parts of MDS-UPDRS, but the current models do not yet327
achieve an error level that would support equivalence with established clinical scoring. Importantly, this328
comparison should be interpreted as a rough benchmark rather than a formal agreement analysis, since329
MCID reflects clinically meaningful change in score, whereas MAE reflects estimation error.330

Future work should evaluate these findings in larger cohorts and explore whether multimodal digital331
phenotyping could improve estimation accuracy. In particular, combining passive wrist actigraphy with332
other sensor modalities or smartphone-based active assessments, as mentioned in Ymeri et al. (2023), may333
provide more complete coverage of the symptom dimensions represented in the MDS-UPDRS. In addition,334
repeated clinical MDS-UPDRS assessments collected more often and closer in time to the wearable335
recordings would allow a more direct comparison between passively captured behaviour and symptom336
severity.337

Despite these limitations, the present study shows that wrist-worn actigraphy can contain measurable338
information related to PD severity in daily life, particularly motor fluctuations. The usefulness of this339
information appears to be target-dependent, with the strongest signal observed for MDS-UPDRS Part IV.340

6 CONCLUSION

Overall, this study shows that month-long wrist-worn actigraphy captures aspects of PD-related motor341
behaviour in daily life, but estimation accuracy remains limited and varies across clinical targets. The342
strongest signal was observed for motor complications (Part IV of MDS-UPDRS), indicating that wearable343
sensors may offer complementary information to clinical assessments, particularly for monitoring symptoms344
outside the clinic.345
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