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Postural instability and gait difficulty (PIGD) are leading causes of  falls in  Parkinson’s disease (PD), yet current clinical 
assessment is infrequent, subjective, and requires expert supervision. Such assessments cannot be safely performed at home. 
We introduce PIGDAssess, the first wearable system that enables fully self-administered at-home estimation of all four 
UPDRS–PIGD subitems, including postural stability, without clinician involvement. Patients wear three commodity IMUs 
(lumbar and both feet) and perform brief sit-to-stand, standing, and walking tasks under both single-task and dual-task 
(serial–3 subtraction) conditions. To robustly infer clinically meaningful scores from dual-task movement segments, we 
introduce three key modules: (1) a paired single/dual-task encoder that captures balance-sensitive signatures; (2) a multi-
action, multi-task fusion module that jointly predicts all four PIGD subscores from one short protocol; and (3) a prior-guided 
adaptation stage that reduces subject-to-subject variability while preserving the ordinal 0–3 clinical severity structure. We 
evaluate PIGDAssess on data from 35 individuals with PD, which were collected in collaboration with a partner hospital in 
both clinical settings and patients’ homes, and were annotated with clinician-scored UPDRS–PIGD labels. Averaged across all 
four PIGD subitems, the system achieves 0.83 accuracy, 0.87 macro-F1, and 0.25 MAE. For Postural Stability, which normally 
requires a hands-on pull test, PIGDAssess reaches 0.89 accuracy using only three IMUs in a self-administered protocol. These 
results suggest a path toward frequent, low-burden, clinician-free PD assessment at home. We further conducted structured 
interviews with four neurologists, supporting the clinical usefulness and deployment feasibility of PIGDAssess. We have 
released the first IMU dataset with item-level UPDRS–PIGD annotations to enable reproducible benchmarking and accelerate 
clinical translation.
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1 INTRODUCTION
Parkinson’s disease (PD) is one of the most prevalent neurodegenerative diseases that affects roughly 10 million
people worldwide [8]. With the onset of PD, patients will experience various types of motor disorders, among
which, up to 75% of patients develop postural instability and gait difficulty (PIGD) [42], which will largely
compromise the patient’s ability to stand, walk, and perform other daily activities. Furthermore, PIGD can be
fatal because of the sharply elevated fall risk, and according to medical research, about 60.5% of PIGD patients fall
annually [9]. To control the symptoms of PIGD and to reduce the risk of falling, clinicians prescribe medication and
recommend regular PIGD assessment to adjust the treatment strategy promptly, based on the disease progression.
However, the need for regular PIGD assessment is unmet for many patients due to the substantial time and

labor required, especially in developing countries. The conventional way of assessing PIGD is through the Unified
Parkinson’s Disease Rating Scale (UPDRS) [2], where a clinician needs to guide the patients to conduct a series
of predefined maneuvers and rate their symptom severity based on subjective observations of the quality of
the maneuvers (see Section 2). This assessment is only available in clinics and hospitals and is administered by
a certified clinician, making it hard to access for regular assessment. Also, the complicated action maneuvers
involved introduce additional overhead to the patients, restricting the regular conduction of the assessment.
In this work, our goal is to change this picture by designing a home-based system to automatically assess

PIGD severity. This allows PD patients to monitor their PIGD status more frequently on their own, then make
immediate self-adjustments to their daily activity and fall-prevention strategies, and seek timely medication
adjustments from their clinician. In turn, clinicians gain a clearer view of symptom progression between visits.
Specifically, we want to assess PIGD against the four tasks listed in the UPDRS that define PIGD severity [33, 36]:
(i) ARIS: the arising-from-chair test (item 3.9 in UPDRS, same for the following), (ii) GAIT: the gait test (3.10), (iii)
STAB: the postural stability test (3.12), and (iv) POST: the posture test (3.13). However, achieving home assessment
of these tests requires special design considerations, as the current PIGD workflow is explicitly clinician-led,
where the standardized tasks must be taught and supervised by a clinician. In particular, the postural stability test
even requires the clinician to pull the patients backward and examine the compensatory response. This cannot
be self-administered at home and, if attempted, would pose safety risks (backward pulling may trigger a fall).
Therefore, a new PIGD assessment workflow needs to be established to fit for home-based self-assessment.

Prior work [10, 11, 27, 29, 33] has made important progress toward at-home PIGD assessment, showing that,
even without direct supervision, patients can perform self-initiated daily activities that resemble standardized
PIGD tasks. These studies provide valuable evidence that simple activities such as standing up and walking
may reflect aspects of neurological function [4], and they have helped establish the feasibility of home-based
monitoring. At the same time, some components of the UPDRS, particularly those requiring clinician-elicited
perturbation (such as the pull test for postural stability), remain difficult to approximate in an unsupervised
home setting. Existing studies [27, 29, 33] suggest that free-living gait or standardized self-initiated balance
tasks capture postural stability only to a limited extent, with reported classification accuracy around 60%. This
likely reflects the inherent difficulty of assessing reactive balance (STAB) using features derived solely from
self-generated movements. Therefore, while prior studies provide an important foundation, existing settings and
datasets still leave room for improvement in home-based PIGD evaluation.
Nevertheless, medical research reveals that performing a motor task under cognitive load (i.e., dual-tasking,

such as walking while doing serial–3 subtraction) perturbs balance control and gait regulation using neural
resources that overlap with those recruited during a pull test [1, 37]. Moreover, prior work in motor control and
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(a) Neuroscience rationale1: the overlapping cir-
cuitry supports both dual-tasking and reactive bal-
ance, so dual-tasking can act as a surrogate for prob-
ing reactive balance.

(b) Assessment protocol: a self-administered protocol with three
actions: arise, walk-turn, and stand. Each action is performed
under cognitive load and recorded by wearable sensors to esti-
mate PIGD severity.

Fig. 1. Based on the rationale illustrated on the left, we designed the self-administered action protocol shown on the right.

neurophysiology has shown that dual-tasking reveals deficits in postural control and stepping responses that
resemble what clinicians probe with the backward pull test [24, 32, 38]. Intuitively, this suggests that dual-task
behavior during standing and walking may serve as a proxy for reactive balance—and therefore for the postural
stability item—without requiring anyone to physically pull the patient (Fig. 1(a)). These observations give us an
opportunity to design a home-based action sequence that could reveal PIGD features in a self-service manner
(Fig. 1(b)), from which motion sensors can be used to characterize such abnormality and predict PIGD scores.

Building on this insight, we develop PIGDAssess, a wearable sensing and learning system for at-home PIGD
self-assessment. To use PIGDAssess, patients only need to wear three off-the-shelf IMUs (on the lumbar and both
feet) and perform three short, clinically grounded actions: arise (arising from a chair), walk-turn (walking with
turns), and stand (standing). Note that each of the above three actions should be conducted twice, once as a
standalone single-task and once with dual-tasking while computing serial–3 subtraction. PIGDAssess ingests the
IMU signals during the above actions and estimates all four UPDRS–PIGD subitems, including the postural stability
test. The goal is continuous, repeatable fall-risk monitoring at home, without requiring a clinician-administered
pull test.
Turning that goal into a practical system is non-trivial. We identify three technical challenges that emerge

when moving from clinic-based scoring to self-administration with commodity sensors. The first challenge is
how to extract clinically meaningful balance and gait indicators from raw IMU signals under single/dual task.
As discussed in Section 3.3, the performance drop from single-task to dual-task motions (i.e., the dual-task cost)
shows higher correlation with PIGD. However, in practice, these two trials are not well-controlled replications
of the same action with different cognitive loads. Rather, they are affected by various random factors, such
as misalignment in time, especially when the patient is conducting the test at home on their own (see Fig. 3).
Therefore, our design needs to reliably capture the decremental motion characteristics brought about by increased
cognitive load while combating the randomness between action trials. Even if we can learn clinically meaningful
representations from these IMU windows, the second challenge is how to map them to the four required
UPDRS PIGD subitems. Although our action design discussed above tries to match these UPDRS items as much
as possible, each action may reflect motor abnormalities in more than one of these items. For example, the action
walk-turn carries information about one’s gait condition but also implies posture and posture stability. Therefore,

1This figure is an illustrative schematic. For a detailed explanation, please refer to the cited reference.
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when predicting each of the four UPDRS items, our design needs to strategically fuse the motion readings of the
three actions under both single and dual-task conditions. Finally, the third challenge is substantial variability
between patients. People with PD move very differently, even at the same nominal PIGD severity, with factors
and comorbidities such as rigidity, bradykinesia, and compensatory posture also affecting the patient’s moving
behaviors. Furthermore, dual-tasking amplifies those differences due to the increased cognitive load. Therefore, a
deployable design must address this heterogeneity across subjects and focus only on extracting PIGD-focused
abnormalities.
We address these challenges with three components in PIGDAssess:

a) Paired single/dual-task encoding for feature discovery. To move beyond ad-hoc “dual-task cost”
metrics, we introduce a pairing-based encoding module. Each recorded action is segmented into short
windows (e.g., 3 s for arise, 10 s for walk-turn and stand); windows from the single-task and dual-task
runs are then aligned and paired using three pairing strategies that capture different forms of task-induced
perturbation. The resulting paired segments are fed as joint inputs to a shared temporal encoder. This
forces the network to learn the patient’s own cognitive-load–induced perturbations to balance and gait.

b) Multi-action, multi-task fusion for comprehensive scoring. PIGDAssess encodes each action (arise,
walk-turn, stand) into an “action token” that contains both single-task and dual-task embeddings. An
Action-weighted Task Head then learns, for each PIGD subitem, how much to attend to each action token,
and fuses them into a subitem-specific representation. All four UPDRS–PIGD items are predicted jointly.
This design directly serves the requirement of full PIGD self-assessment, rather than optimizing for a single
item in isolation.

c) Prior-guided adaptation for cross-subject robustness. Finally, PIGDAssess applies a prior-guided
adaptation stage to bridge patient-to-patient variability. We use a prior-informed conditional alignment
step to reduce nuisance variation between subjects while respecting biomechanically plausible similarities,
and an ordinal continuity regularizer to preserve the ordered (0–3) severity structure of each subitem. This
makes predicted scores more comparable across patients without blurring clinically meaningful progression.

We collaborated with a hospital’s neurology department and evaluated PIGDAssess on data collected from
35 PD patients with three commercial wireless IMUs. Each participant performed all three actions under both
single-task and dual-task conditions, and each session was annotated with clinician-scored UPDRS–PIGD scores.
This dataset captures real movement strategies, compensations, and balance deficits observed in actual patients.
We further conducted structured interviews with four neurologists to assess the practical usability of the system
at its current accuracy level, providing additional support for its reliability. We will release this dataset—to our
knowledge, the first IMU dataset covering all four UPDRS–PIGD items—to enable reproducibility and future
work on digital fall-risk biomarkers. We summarize the contributions of this work as follows.

(1) We present the first home-based and self-service PD assessment system that estimates all four UPDRS–PIGD
items, including the challenging postural stability, using only body-worn IMUs and easy-to-perform home
actions—no clinician administration required. The system’s practical usability is further examined through
structured expert interviews with neurologists.

(2) We propose three technical components that directly address the core requirements of at-home PIGD self-
assessment: (i) a paired single-/dual-task encoder for clinically grounded feature discovery (Challenge 1), (ii)
a multi-action, multi-task fusion module that delivers all four items simultaneously (Challenge 2), and (iii)
a prior-guided adaptation stage that aligns patients while preserving ordinal PIGD severity (Challenge 3).

(3) We collect and analyze a clinically validated dataset from 35 individuals with PD performing standing, gait,
and chair-rise behaviors under cognitive load. We release this dataset to support reproducible benchmarking
and accelerate research on wearable, clinician-light PIGD monitoring[49].
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Table 1. Comparison of gait and postural instability (PIGD-related) assessment across representative approaches.

Criterion Ours Safarpour et
al. [33] PDMonitor® [29] Ma et al. [27] Vision-

based [10, 11]

Sensors 3 IMUs 3 IMUs 5 IMUs 10 IMUs RGB-Depth
camera

Environment Home / clinic Home + clinic Home Clinic Home

Test protocol Easy tasks (∼10
min)

Free-living +
standardized
sway tasks

Free-living Standardized
tasks

Standardized
tasks

PIGD item-level ✓ ✓ ✓

Balance proxy Dual task Postural sway Gait-based Gait-based
Proactive
stability

maneuvers

Balance output Item-level score
estimates

Continuous
kinematic
metrics

Probability-
based indices

Item-level score
estimates

Coarse
categorical

labels

2 BACKGROUND AND RELATED WORK
Before we dive into the details of our design, we first outline the background of this research. We begin with a
brief clinical introduction to PIGD assessment, followed by a discussion of related work.

2.1 PIGD Clinical Assessment
Current clinical assessment of PIGD severity relies on the Unified Parkinson’s Disease Rating Scale [13, 20],
which contains tests to evaluate the patient’s ability to stand, walk, and maintain balance and stability, including
item 3.9: arising from chair (ARIS), item 3.10: gait test (GAIT), item 3.12: postural stability test (STAB), and item
3.13: posture test (POST). For each test, a clinician will guide the patient to perform a standard action and rate on
a scale of 0-4 to represent the severity. All these tests require intense clinician involvement, and in particular,
STAB requires the clinician to pull the patient backward and assess the patient’s ability to restore balance (i.e.,
reactive balance), which requires careful administration and assessment skills. Therefore, PIGD assessment is
hard to conduct in a home-based and self-administered manner.

2.2 Sensors-based PIGD Assessment
Many recent studies have laid an important foundation for assessing PIGD using wearable IMUs or vision-based
sensing systems, offering valuable insights into motor fluctuations and the feasibility of technology-assisted
monitoring.
First, existing methods have demonstrated the promise of long-term monitoring for capturing aspects of

disease progression, although they have mainly emphasized aggregate scores. For example, Safarpour et al. [33]
pioneered the use of week-long continuous monitoring to predict the aggregate PIGD subscore, achieving a
correlation of 0.61. Building on this line of work, there is growing clinical interest in directly predicting individual
PIGD items (e.g., specific UPDRS PIGD components), as summarized in Table 1. Similarly, the development
of commercial wearable systems such as PDMonitor® [29] represents a significant step forward in recording
free-living conditions and generating clinician-facing summaries, including an overall UPDRS Part III estimate
and probability-based indices of gait and axial impairment. While PDMonitor® provides a postural instability
index derived from home monitoring, this probability-based index is inferred from a combination of gait and
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motor features rather than directly assessing individual UPDRS PIGD items. This suggests a natural opportunity
to extend such probability-based indices toward the characterization of item-level reactive balance impairments.
Vision-based approaches using RGB-D cameras can also record standardized motor tasks in the home and apply
machine learning to classify task performance [10, 11]. Although these systems can reliably distinguish people
with Parkinson’s disease from healthy controls, estimating disease severity within the PD population remains
more challenging.
Second, assessing reactive balance remains an especially important challenge. The STAB item uniquely

probes reactive balance—the component most strongly linked to falls—and therefore requires a clinician-elicited
perturbation [6, 31]. Recent work has begun to explore item-level prediction of gait and posture components
under controlled clinical conditions. For example, Ma et al. [27] used multi-IMU measurements collected during a
standardized walking task to predict MDS-UPDRS III PIGD items, including STAB. While Ma et al. successfully
predicted several PIGD items, their findings regarding STAB provide useful evidence that reactive balance is
distinct from self-initiated walking. The complex nature of this item—reflected in its moderate association with
gait features—highlights the potential value of looking beyond gait-derived proxies toward more specialized
assessment strategies. Recent work [11] also relates performance on self-initiated balance tasks (i.e., proactive
stability maneuvers) to overall PIGD severity; this represents a meaningful step toward simplified balance
assessment. Their framework achieves severity classification with an accuracy of 64.3%–71.4%, providing a
valuable basis for future extension from coarse severity categories to the item-level subscores that clinicians rely
on for precise treatment guidance.

Taken together, these prior efforts provide a strong foundation while also highlighting an important opportunity
for a PIGD assessment system that can be deployed in the home, provides fine-grained, item-level information to
support clinical decision-making, and, critically, enables the assessment of reactive balance, which is most closely
associated with fall risk [6, 31].

2.3 Datasets and Assessment in Parkinson’s Disease
The growing availability of real-world Parkinson’s disease datasets has provided a valuable foundation for digital
health research. At the same time, aligning these resources with clinical PIGD assessment remains a meaningful
and rewarding challenge. As noted by Kirk et al. [23], real-world digital mobility outcomes have shown promising
but only weak to moderate associations with clinical motor scores, in part because existing datasets have primarily
focused on continuous gait characterization rather than temporally aligned, item-level UPDRS annotations. In
addition, relationships with the PIGD subscore have not yet been consistently established, and the reactive
balance component assessed by the STAB item remains an important frontier in free-living data, as its assessment
typically requires externally induced perturbations that are not easily captured from self-initiated walking alone.
In parallel, a wide range of approaches have been proposed to enable objective and continuous assessment

of Parkinson’s disease motor symptoms. These include wearable IMUs for gait and balance analysis during
standardized tasks [48], vision-based pose estimation from home videos [16, 34], and force plate or radar-based
systems for postural sway and gait analysis in controlled settings [15, 47]. At the system level, recent digital health
platforms have integrated wearable, smartphone, speech, and video data to support ecologically valid monitoring
of Parkinson’s disease, primarily for PD detection or estimation of overall motor severity [14, 19, 26, 40, 45, 50].
Together, these advances have substantially improved ecologically valid monitoring for PD detection and overall
severity, while also creating valuable opportunities to refine such systems so that they more closely mirror clinical
PIGD assessment.

Consequently, these findings motivate the development of new data collection frameworks specifically designed
to support the investigation of item-level PIGD assessment in real-world settings.
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(a). Top 10 kinematic features correlated with STAB. Color
shows |𝜌 | under single-task and dual-task; many features
are more correlated under dual-task.

ARIS GAIT STAB POST Average
0.0

0.2

0.4

0.6

0.8

1.0

M
ac

ro
-F

1

0.62

0.45

0.27

0.57

0.48

0.57

0.42 0.44
0.47 0.47

0.60

0.71

0.58
0.61 0.62

Single task only Dual task only Single + Dual tasks

(b). Macro-F1 under LOSO of Elastic Net + SVM using
single-task, dual-task, or both. Combining both gives the
best performance for most items.

Fig. 2. PIGD analysis with kinematic features: (a) Dual-tasking strengthens the correlation with STAB. (b) Using both single-
and dual-task features improves classification.

2.4 Intended Usage Scenario
Because of limited medical resources, routine care usually includes an initial 2–4week medication adjustment
period, followed by clinic reviews every 6–12months [39]. This schedule is not frequent enough to guide
medication changes and often misses worsening between visits, leading to preventable falls, injuries, and higher
costs[7, 36].

To address this gap, we enable brief, patient-led self-assessments during daily life. Duringmedication adjustment
periods, assessments can be performed daily to capture item-level PIGD fluctuations for clinician review, while
weekly assessments during clinically stable periods support the construction of long-term trajectories over months
to a year. Trend summaries and threshold-based alerts enable timely remote intervention when deterioration is
detected, with the goal of reducing fall-related hospitalizations between scheduled clinic visits.

3 RATIONALES AND CHALLENGES
In this section, we first provide a neuroscience-motivated rationale for why dual-task paradigms can be used to in-
fer reactive balance, a key component of PIGD assessment. We then present a preliminary study demonstrating the
feasibility of our approach—namely, replacing clinician-supervised UPDRS tasks with simpler, self-administered
tasks. Finally, we discuss the practical challenges involved in realizing such a design in real-world settings.

3.1 Neuroscience Rationale
The above tasks involve the activation of different neural pathways in the brain, and therefore, by asking the
patients to do these tasks, a clinician can evaluate different neurological functions. For example, when performing
STAB, a pull test, the brain’s pedunculopontine nucleus (PPN) activates the thalamo-cortical circuits to manage
the subject’s responses. If the patient performs poorly in this test, it implies damage to the above neural pathway.
However, performing the tasks defined in the UPDRS is not the only way to activate these neural pathways. For
example, research has shown that if a subject is asked to walk while conducting cognitive tasks (i.e., dual-tasking),
such as doing arithmetic calculations, the neural pathways involved largely overlapped with those used in the
response of a pull test [12, 17, 21, 30, 37]. In particular, dual-tasking (simultaneous movement and cognition)
elicits EEG patterns resembling reactive postural responses [1]. This pattern is consistent with shared attentional
resources [3, 28] and shared cortical dynamics [35]. Intuitively, when a person walks while doing mental math, the
brain activates control networks that are also involved in keeping balance when the body is suddenly perturbed.
This gives us an opportunity to design alternative physical tasks that, on one hand, are easier to self-administer
and, on the other hand, largely preserve the original neural activation.
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Fig. 3. IMU acceleration magnitude during the walk–turn action for one participant under single-task (top) and dual-task
(bottom). Shaded regions mark individual steps. The two trials are temporally misaligned: within the same time window, the
participant takes a different number of steps and is in different gait phases.

3.2 Motion Task Design
As discussed above, we want to design an easy-to-perform task set to support self-assessment of PIGD at home,
with the help of the dual-task principle. In practice, serial subtraction is the most common and sufficiently strong
cognitive load while walking or standing [41, 43]. Taking the standard UPDRS-PIGD items and self-administered
constraints into account, our assessment protocol uses three simple actions—arise (rising from a chair), walk-
turn (walking two laps along a 3m path with turns), and stand (static standing for 30 seconds)—each performed
under both single-task and dual-task conditions, without clinician supervision.

3.3 From Single and Dual Task Motions to PIGD Ratings
We first investigate how single-task and dual-task motions correlate with PIGD ratings. Specifically, we extract
kinematic parameters from the IMU readings of 35 patients conducting the above tasks and analyze their
correlation with the PIGD score. For each task, we compute IMU-derived kinematic and statistical features
under single-task and dual-task conditions and analyze their associations with PIGD via Spearman correlation.
A heatmap of the top 10 parameters most correlated with the STAB task (Fig. 1(a)) indicates that dual-tasking
increases correlation in the majority of kinematic features such as turn duration and walking speed, suggesting
that dual-task motion carries information specific to postural stability. We adopt a conventional pipeline based on
hand-crafted kinematic features and classical machine learning models for this preliminary study. We use Elastic
Net (EN) for feature selection, and train an SVM classifier under a leave-one-subject-out (LOSO) cross-validation
protocol. We compare three input settings with features from single-task trials, dual-task trials, and both. As
shown in Fig. 1(b), the combined setting achieves the highest macro-F1 across most UPDRS items, which motivates
us to keep both single-task and dual-task inputs in our final design (Design Rationale R1).

3.4 Challenges
Although the previous preliminary study shows good correlation between the IMU readings of the above tasks
and PIGD scores under controlled settings, there are a few technical gaps in designing a practical system that can
be reliably deployed to patients.
Making use of the single- and dual-tasks. As discussed above, if we intend to use both single-task and

dual-task features, a natural idea is to pair them using the same long analysis windows. In practice, however, the
two trials are temporally misaligned: within the same fixed window, the single-task trial may contain more steps,
and the same timestamps in the two trials may correspond to different gait phases, as shown in Fig. 3. As a result,
the paired single-task and dual-task windows are not truly comparable, and this mismatch introduces substantial
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(a) ARIS (b) GAIT (c) STAB (d) POST

Fig. 4. Action-specific absolute Spearman correlations (|𝜌 |) between kinematic features and PIGD items. Actions are similarly
informative within an item, but the most informative action differs across items, motivating item-specific action weighting.

noise. Such pairing noise is especially harmful for small clinical datasets, and it represents an inherent challenge
when leveraging dual-task paradigms for PIGD assessment.

Multi-item assessment across multiple actions. The second challenge is that we need to use three different
actions — arise, walk-turn, and stand — to predict the four UPDRS–PIGD items. For a given item, all three actions
look similarly informative. For example, for item STAB, the boxplots in Fig. 4(a) show the correlation between
each kinematic feature and the clinical score. The correlation level is similar across the three actions, which
means no single action is clearly dominant for that item. This motivates us to include all three actions rather than
only one. However, when we compare across items (Fig. 4), different items rely on different actions. For example,
features from stand have relatively low correlation for item GAIT, but much higher correlation for item STAB.
This means that each item has its own most informative source, and we cannot use a single shared predictor
head that treats all four PIGD items the same. Instead, the model must learn item-specific action weighting, so
that each PIGD item can focus on the actions that are most informative for that item (Design Rationale R2).
Heterogeneity. Individuals with Parkinson’s disease exhibit distinct gait patterns with varying degrees of

tremor, rigidity, and bradykinesia. Clinically, three movement phenotypes are described [18]: (i) PIGD-only (PIGD-
O), (ii) tremor-dominant with PIGD (PIGD+TD), and (iii) PIGD with additional motor abnormalities (PIGD+OMA).
As illustrated in Fig. 5, adding cognitive load (dual-task walking) generally slows gait, and in general, slower gait
is associated with higher STAB. However, phenotype-specific deviations are evident: for instance, a subset of
PIGD+TD cases displays slow gait without correspondingly high STAB scores (see the lower-left region, where
triangle markers intermingle with circular markers), and conversely, some PIGD+OMA cases show elevated
STAB scores at intermediate speeds. Consequently, even patients with the same PIGD severity can move quite
differently. As shown in Fig. 6, gait speed tends to decrease as the STAB score increases, for both single-task (blue)
and dual-task (red) walking. However, within each score level, the range of gait speeds is still broad, indicating
substantial inter-subject variability. Dual-task walking generally shifts gait speed lower and can widen these
differences between individuals.

4 SYSTEM DESIGN

4.1 Overview
PIGDAssess is an IMU-based system that assesses postural instability and gait difficulty under single-task and
dual-task conditions without clinician involvement. As illustrated in Fig. 8, patients perform at home both a single-
task and a dual-task protocol consisting of three actions. IMU signals from three sensors are first preprocessed by
aligning timelines and coordinate frames, and then normalizing. The processed data are fed into the PIGDAssess
pipeline, which applies pairing-based data augmentation to generate multiple paired movement samples. Each
sample is independently processed by a multi-action, multi-task framework, followed by a prior-guided adaptation
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Fig. 5. Gait speed in single-task vs.
dual-task walking, colored by STAB
score and labeled by phenotype.
Cognitive load generally slows gait,
but different phenotypes deviate
from the overall trend.

Fig. 6. Gait speed across STAB score
levels for single-task (blue) and dual-
task (red). Higher scores are linked
to slower gait on average, but speed
varies widely within each score level.
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Fig. 8. Overview of PIGDAssess. Patients perform three actions (arise, walk–turn, stand) under single- and dual-task
conditions with wearable IMUs. The signals are preprocessed (alignment, coordinate unification, normalization) and fed to
our pipeline, which applies pairing-based augmentation, multi-action multi-task learning, and prior-guided adaptation to
predict all four UPDRS–PIGD subscores.

module. Sample-level predictions are then aggregated via majority voting to produce a robust trial-level score
for each PIGD subitem. These outputs provide quantitative references of the patient’s PIGD status that can be
synchronized to a clinician dashboard for timely monitoring of disease trends. In the following subsections, we
introduce the detailed designs of our framework along with the structures of the three components.

4.2 Data Preprocessing
We collect data using three Bluetooth-connected IMUs mounted on the lumbar and both feet. After acquisition,
we perform the following preprocessing. Because the devices transmit data asynchronously, we first synchronize
their timestamps by aligning salient motion-induced peaks across sensors to a common reference, resulting in
inter-device timestamp discrepancies within 10 ms. Each IMU provides tri-axial linear acceleration and tri-axial
angular velocity; since the three IMUs are attached at different locations with arbitrary orientations, we transform
these measurements to a unified body coordinate frame (x: forward, y: left, z: upward) via rotation matrices.
Finally, following the effective normalization procedure reported in LIMU-BERT [44], we scale linear acceleration
by gravitational acceleration and convert angular velocity to radians per second. These steps constitute the
preprocessing pipeline for the IMU inputs.
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zip neighbor-m cartesian

Single task

Dual task

Samples

Fig. 9. Pairing-based data augmentation. Single-task and dual-task IMU streams are segmented into short windows, then
paired using three schemes: (i) zip, (ii) neighbor-m, and (iii) cartesian, so that multiple paired samples can be generated from
one trial to expose diverse dual-task costs.

4.3 Data Augmentation via Pairing
Building on the design rationale R1 in Section 3.3, PIGDAssess should process IMU data from both single-task
and dual-task trials. Dual-tasking introduces an implicit dual-task cost (i.e., interference), which injects noise and
phase misalignment across motion-phase pairs. To mitigate this inherited noise while enlarging the training set,
we propose a pairing-based data augmentation strategy that can generate up to𝑚 × 𝑛 paired samples from a
single trial. Concretely, we segment the walk-turn and stand stages using 10 s windows and the arise stage
using 3 s windows, as this duration is sufficient to capture the complete motion in our setting, thereby producing
a large number of samples per trial. Each sample is independently processed by the model, and the final trial-level
score is obtained viamajority voting over all sample-level predictions. This yields diverse realizations of the
dual-task cost while providing sufficient supervision for robust learning and noise-tolerant trial-level inference.
We instantiate three pairing schemes (Fig. 9) to better align single- and dual-task segments for actions with

different temporal characteristics:
• zip: one-to-one, time-aligned pairing in chronological order;
• neighbor-𝑚: pairing constrained to segments within ±𝑚 neighboring phases;
• cartesian: all-to-all pairing irrespective of temporal order.

We enable all three schemes for every action to leverage richer temporal features. And different motion types
prefer different schemes: for example, stand is relatively stationary and benefits from cartesian pairing, whereas
arise is transient and is better handled by zip pairing.

4.4 Multi-action Multi-task Framework
Based on our analysis in Section 3, we find that all three actions provide useful features for the assessment
of multiple UPDRS-PIGD items. Together with the fact that these tasks are also correlated, this motivates a
shared feature extractor and a multi-task design rather than four independent models. To this end, we propose a
multi-action, multi-task framework that learns shared representations from actions while designing dynamic
action-weighted heads to produce item-specific predictions, thereby improving sample efficiency, regularization,
and consistency across sub-item scores.
As shown in Fig. 10, the multi-action, multi-task module includes two components: (i) three action-specific

ResNet1D feature extractors (shared across single task and dual task, one per action) that serve as time-domain
encoders, and (ii) four task-specific Action-weighted Task Heads that adaptively weight the action embeddings
for each downstream task.

4.4.1 Time-domain ResNet1D Encoders. We use ResNet1D to extract temporal features from raw multi-channel
IMU data. Residual connections and normalization layers enable stable training, while adaptive pooling produces
fixed-length representations from variable-length signals. For each action, we send both the single-task and
dual-task signals into the same encoder, and then concatenate the two embeddings instead of averaging them.
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Fig. 10. Multi-action, multi-task architecture. Single-task and dual-task IMU streams from three actions are encoded by
shared ResNet1D time-domain encoders, then four Action-weighted Task Heads assign action weights per item and output
the four UPDRS–PIGD subscores, with a prior-guided CDAN branch for subject-level adaptation.

This way, we keep the extra motion changes caused by the cognitive task and let the later module decide how
much to use from each. Because doing a dual task changes the motion feature compared to the single task,
concatenating the two helps later attention/classification modules see those differences.

4.4.2 Action-weighted Task Head (AWTH). Within a multi-task framework, we propose the Action-weighted
Task Head, a lightweight module that adaptively weights action embeddings, performs soft fusion, and feeds a
task-specific classifier. Drawing on hierarchical attention and attention-based multiple-instance pooling [46],
we adapt the scoring and fusion scheme to wearable IMU segments and to the multi-task PIGD assessment
setting. Guided by the design rationale R2, AWTH reflects clinical reality: different PIGD items tend to draw their
most informative cues from different actions; AWTH learns item-specific action weights to emphasize the most
relevant motor cues without diluting them with a single shared head.
As illustrated in Algorithm 1, we first form three action branches. Each branch encodes both single-task and

dual-task segments with a shared ResNet1D time-domain encoder; the two embeddings are then concatenated
per action to retain complementary dynamics, yielding e𝑎 ∈ R𝑘 for 𝑎 ∈ {arise, walk-turn, stand}. We stack
these into E ∈ R𝐵×3×𝑘 .

A small two-layer scorer 𝜙𝑡 , consisting of LayerNorm followed by a two-layer MLP and shared across the three
actions, maps each action embedding to a scalar score. A softmax along the action axis converts these scores into
per-action mixture weights m. The fused representation f𝑡 is the weighted sum of the action embeddings and
is then fed to a task-specific classifier to produce logits z𝑡 ∈ R𝐵×𝑛cls . Because different PIGD sub-items rely on
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Algorithm 1: Action-weighted Task Head (AWTH)
Input:Minibatch {x𝑎single, x

𝑎
dual}𝑎∈A , where A = {arise, walk-turn, stand}; encoders {𝑓 𝑎

𝜃
}, task set T , heads

AWTH𝑡 = (𝜙𝑡 ,𝜓𝑡 ).
Output: For each task 𝑡 : logits z𝑡 , mixture weights m𝑡 , fused feature f𝑡 .

/* Action encoders with single/dual concatenation */

1 for 𝑎 ∈ A do
2 e𝑎 ← [ 𝑓 𝑎

𝜃
(x𝑎single); 𝑓

𝑎
𝜃
(x𝑎dual) ]

3 E← [ earise, ewalk-turn, estand ]
/* Per-task action-weighted fusion and classification */

4 for 𝑡 ∈ T do
5 S𝑡 ← 𝜙𝑡 (E) // two-layer scorer, shared across actions

6 m𝑡 ← softmax(S𝑡 , dim = 𝑎)
7 f𝑡 ←

∑
𝑎∈A m𝑡,𝑎 · e𝑎

8 z𝑡 ← 𝜓𝑡 (f𝑡 )
9 return {(z𝑡 ,m𝑡 , f𝑡 )}𝑡 ∈T

different motor cues, m adapts per item to emphasize the most informative action. In the multi-task setting, we
instantiate one AWTH per PIGD item.

4.4.3 Multi-task Objective. As shown in Table 2, the UPDRS severity classes are highly imbalanced (e.g., many
more samples in UPDRS 0 than UPDRS 2 for ARIS). To address this, we adopt a class-weighted focal loss
within each task. For task 𝑡 with 𝐶𝑡 classes and batch B𝑡 , for each sample 𝑖 ∈ B𝑡 , let z𝑡,𝑖 ∈ R𝐶𝑡 denote logits,
𝑝𝑡,𝑖,𝑐 = softmax(z𝑡,𝑖 )𝑐 the predicted probability, and 𝑦𝑡,𝑖 ∈ {1, . . . ,𝐶𝑡 } the ground-truth label. The per-sample focal
loss is

ℓ𝑡,𝑖 = −𝛼𝑡,𝑦𝑡,𝑖
(
1 − 𝑝𝑡,𝑖,𝑦𝑡,𝑖

)𝛾𝑡 log 𝑝𝑡,𝑖,𝑦𝑡,𝑖 , 𝐿𝑡 =
1
|B𝑡 |

∑︁
𝑖∈B𝑡

ℓ𝑡,𝑖 , (1)

where𝛾𝑡 > 0 is the focusing parameter and 𝛼𝑡,𝑐 are class weights (e.g., set inversely proportional to class frequency
and normalized).

In the multi-task setting, different sub-items may learn at disparate rates (some improve quickly while others
lag). To adaptively balance tasks, we use Dynamic Weight Averaging (DWA) based on recent optimization
dynamics. Let 𝐿 (𝑒−1)𝑡 and 𝐿 (𝑒−2)𝑡 be the average losses of task 𝑡 from the previous two epochs.
We define a clipped ratio and compute temperature-scaled softmax weights as

𝑟𝑡 = clip

(
𝐿
(𝑒−1)
𝑡 + 𝜀
𝐿
(𝑒−2)
𝑡 + 𝜀

, [ 𝑟min, 𝑟max ]
)
, 𝑤𝑡 =

exp(𝑟𝑡/𝑇 )∑
𝑡 ′ exp(𝑟𝑡 ′/𝑇 )

,
∑︁
𝑡

𝑤𝑡 = 1. (2)

where 𝑇 > 0 is the temperature and 𝜀 > 0 prevents division by zero. When 𝑒 < 2 (insufficient history), we use
uniform weights𝑤𝑡 = 1/|T |.

The final multi-task loss is the DWA-weighted sum of per-task focal losses:

𝐿multi-task =
∑︁
𝑡 ∈T

𝑤𝑡 𝐿𝑡 . (3)

4.5 Prior-guided Adaptation
We observe that co-occurring motor symptoms can distort the motion patterns used to score PIGD, producing
outliers. Moreover, even within the same UPDRS grade, subjects exhibit large intra-class variability, leading
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Fig. 11. Prior-guided adaptation. Source samples with similar kinematics are paired with each target sample and aligned by
the Prior-CDAN. In parallel, an ordinal continuity regularizer keeps features of neighboring UPDRS levels close. The final
loss combines label loss, CDAN loss, and continuity loss.

to blurred boundaries between classes in the motion-parameter space. To address these two challenges, we
introduce two prior-driven components. First, we employ a kinematics-informed, prior-guided CDAN to condition
domain alignment on clinically meaningful parameters, suppressing subject and symptom specific artifacts while
preserving PIGD relevant pathology. Second, we enforce an ordinally aligned feature space that regularizes
representations to vary smoothly across adjacent UPDRS levels, sharpening effective decision boundaries while
respecting the ordinal structure.

4.5.1 Explicit Prior: Prior-guided Conditional Domain Alignment (Prior-CDAN). To suppress subject-specific and
symptom-specific artifacts while preserving PIGD-relevant pathology, we introduce a prior-guided conditional
domain alignment module. The objective is twofold: (i) to align movement representations across subjects so that
the model does not overfit idiosyncratic gait styles, compensatory strategies, or co-occurring motor symptoms
that are not scored by PIGD, and (ii) to do so without erasing clinically meaningful severity information. We
achieve this by combining two components: an explicit kinematics prior and a class-conditional adversarial
alignment.
We first reinterpret the two domains of a Conditional Domain Adversarial Network (CDAN)[25] as seen vs.

unseen subjects. At each training step, minibatches from the training fold and the held-out validation fold
are treated as source domain Dsrc and target domain Dtgt, respectively. Samples are passed through the shared
multi-action encoder and the task-specific AWTH, yielding fused task representations f𝑡,𝑖 ∈ R𝑘 and task logits
z𝑡,𝑖 ∈ R𝐶𝑡 for each PIGD sub-item 𝑡 . Class posteriors are computed as g𝑡,𝑖 = softmax(z𝑡,𝑖 ).

Following CDAN, we construct class-conditioned features via an outer product,

𝝓𝑡,𝑖 = vec
(
g♯
𝑡,𝑖
⊗ f𝑡,𝑖

)
∈ R𝐶𝑡𝑘 , (4)

where g♯
𝑡,𝑖

= stopgrad(g𝑡,𝑖 ) optionally prevents gradients from flowing back into the classifier. Stacking over the
minibatch yields

𝚽𝑡 = [ 𝝓𝑡,1; . . . ; 𝝓𝑡,𝐵 ] ∈ R(𝐶𝑡𝑘 )×𝐵 . (5)
𝚽𝑡 is passed through a Gradient Reversal Layer (GRL) and then into a task-specific domain discriminator 𝐷𝑡 (·),
which is trained to distinguish seen from unseen subjects. Because 𝐷𝑡 operates on features conditioned on
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predicted severity, adversarial alignment is enforced within each severity level rather than collapsing all levels
together, which helps preserve PIGD-related pathology.
To prevent indiscriminate alignment between fundamentally different movement patterns, we introduce an

explicit kinematic prior. For each target sample 𝑥 tgt, we compute a high-dimensional biomechanical descriptor
v =𝑉 (𝑥 tgt) ∈ R𝐷 (with 𝐷 ≈ 100 IMU-derived parameters, such as gait regularity, turn stability, and sit-to-stand
effort). We retrieve the top-𝑘 most biomechanically similar source samples 𝑥 src based on cosine similarity,

sim(v𝑗 , v𝑖 ) =
⟨v𝑗 , v𝑖⟩
∥v𝑗 ∥2 ∥v𝑖 ∥2

. (6)

Only these matched source–target pairs are used to form adversarial minibatches. In effect, each validation
subject is aligned only with training subjects exhibiting comparable movement mechanics, preventing the forced
alignment of clearly distinct motor phenotypes (e.g., severely bradykinetic shuffling gait vs. near-normal gait).
This prior-guided pairing suppresses nuisance variation such as compensatory posture or unrelated tremor, while
retaining movement signatures that truly reflect PIGD severity.

For each sub-item 𝑡 , the discriminator 𝐷𝑡 (·) yields a task-specific adversarial loss L (𝑡 )adv. Averaging across tasks
gives

Ladv =
1
|T |

∑︁
𝑡 ∈T
L (𝑡 )adv . (7)

This loss is combined with the supervised objective. Overall, Prior-CDAN promotes invariance to subject identity
and off-target symptom patterns, while preserving clinically meaningful PIGD-related impairment.

4.5.2 Implicit Priors: Ordinal Continuity Regularizer. UPDRS scores are discrete but ordered ({0, 1, 2, 3}), and
clinically adjacent levels tend to change gradually rather than abruptly. We encode this clinical prior by enforcing
smoothness of the learned representations across neighboring severities via a label-distance–weighted continuity
regularizer applied per task (Fig. 11).

For each task 𝑡 , we maintain a FIFOmemory Q𝑡 = {(f ( 𝑗 )𝑡 , 𝑦 𝑗 )}𝐾𝑗=1 that stores past fused features and their ordinal
labels. Given the current batch features F𝑡 ∈ R𝐵×𝑘 and labels y ∈ {0, 1, 2, 3}𝐵 , all features are 𝐿2-normalized so
that dot products correspond to cosine similarities. We first construct an ordinal-distance–weighted soft target
distribution,

𝜶 𝑖,· = softmax
(
− |𝑦𝑖 − yQ𝑡 |/𝜏

)
, 𝜏 > 0, (8)

where yQ𝑡 denotes the labels stored in Q𝑡 and 𝜏 controls the emphasis on nearby severities. In parallel, we
compute predicted similarity scores

S𝑡 = F𝑡 Q⊤𝑡 , (9)

where Q𝑡 ∈ R𝐾×𝑘 stacks the normalized queue features.
The task-level continuity loss and the corresponding global regularizer are defined as

L (𝑡 )con = − 1
𝐵

𝐵∑︁
𝑖=1

𝐾∑︁
𝑗=1

𝛼𝑖, 𝑗 [log softmax(S𝑡 )]𝑖, 𝑗 , Lcon =
1
|T |

∑︁
𝑡 ∈T
L (𝑡 )con . (10)

This regularizer penalizes configurations where samples with similar PIGD ordinal scores are far apart in the
latent space, yielding representations that vary smoothly with clinical severity. As shown in Fig. 7, this constraint
leads to a reduction in mean absolute error (MAE), reflecting smaller prediction deviations.
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Fig. 12. Demographic and clinical distribution of the cohort
(n=35), showing H–Y stages, age groups, and disease duration.

Table 2. UPDRS–PIGD severity distribution for the four
assessed subitems (n=35).

PIGD UPDRS Severity Scores

0 1 2 3&4

ARIS 20 9 2 4
GAIT 6 12 12 5
STAB 11 13 3 8
POST 9 4 12 10

4.6 Final Objective
Combining the above components, our overall training objective is

Ltotal =
∑︁
𝑡 ∈T

𝑤𝑡 𝐿𝑡︸    ︷︷    ︸
multi-task focal loss (class imbalance)

+𝜆adv Ladv︸︷︷︸
prior-guided CDAN alignment

+𝜆con Lcon︸︷︷︸
ordinal continuity

(11)

where 𝐿𝑡 is the focal loss for task 𝑡 ,𝑤𝑡 are task weights from DWA, 𝜆adv and 𝜆con control the strength of domain
alignment and ordinal continuity, and 𝜆grl (inside the GRL) controls the adversarial pressure on the encoder.

5 IMPLEMENTATION
In this section, we describe the implementation of PIGDAssess. First, we present the data and our collection
procedure; then we explain the system implementation from both the hardware and software perspectives.

5.1 Data Collection
5.1.1 Patient Recruitment. This study was conducted in collaboration with a tertiary medical center under our
institute’s IRB approval. Patients were recruited from outpatient clinics and inpatient wards under the supervision
of experienced movement-disorder clinicians. Written informed consent was obtained from all participants.
We enrolled 35 individuals with Parkinson’s disease (20 women, 15 men; mean age 68.2 ± 10.5 years; disease
duration 5.29 ± 4.2 years). As shown in Fig. 12, the cohort spans a wide range of Hoehn–Yahr stages (mean
2.17 ± 1.07), largely aligning with the classic clinical distribution [13] while intentionally including a higher
proportion of early-stage (Stage 1) and severe (Stage 4) patients to ensuremodel robustness across the full spectrum
of PIGD impairment. Recruiting patients for structured motor assessments posed practical challenges due to
mobility limitations, fatigue, and the cognitive burden of repeated task performance. Despite these constraints,
all participants completed the full protocol across clinical and home settings, yielding high-quality, longitudinally
consistent data.

5.1.2 Ground Truth. Two neurologists independently assessed each patient using the UPDRS–PIGD subscale,
and resolved discrepancies through consensus to establish the ground truth (Appendix Table 5). The severity
distributions of the four PIGD subitems are summarized in Table 2.

Patients at UPDRS level 4 are typically unable to walk at all—even with assistive devices—due to severe postural
instability. As a result, ambulation-based motion data cannot be meaningfully collected for this group. For patients
at level 3, walking is possible but requires substantial support (e.g., walkers or caregiver assistance); however, the
form and extent of this support vary widely and are difficult to standardize in unsupervised assessments.
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Fig. 13. Clinician-administered UPDRS–PIGD evaluations for the four subitems.

Fig. 14. Wireless IMU(left) and
mounting location(right).

Fig. 15. Example data-collection environments for the self-administered PIGD pro-
tocol: outpatient clinic, inpatient unit, and home.

Given that reliable motion data cannot be acquired for level 4, and that level 3 behavior is highly variable
and context-dependent, we merged levels 3 and 4 into a single category (3&4). This ensures that our assess-
ment framework remains grounded in observable, quantifiable motor behavior, while avoiding ill-defined or
unmeasurable movement patterns.

5.1.3 Experiment Design and Implementation. To enable self-administered or caregiver-supervised PIGD assess-
ments, we designed an assessment protocol that asks patients to rise from a chair, walk two laps along a 3 m path,
and stand still for 30 seconds, each under both single-task and dual-task conditions without clinician supervision.

Participants wore three commercial wireless inertial measurement units (IMUs): one on the lower lumbar region
secured with an elastic belt and one on each foot (Fig. 14). Donning and doffing the sensors typically required less
than 3 minutes and could be performed independently by most participants (with minimal caregiver assistance for
the 4 participants at H-Y Stage 4). Prior to data collection, participants received standardized verbal instructions and
a brief demonstration of the protocol, no real-time feedback or intervention was provided during task execution.
Motion data were recorded continuously during each trial. Each IMU operated on an internal rechargeable battery
with a battery life approximately 25 hours during Bluetooth-enabled data acquisition and transmission, which
was sufficient for multiple assessment sessions without recharging. Experiments were conducted in outpatient
clinics, inpatient units, and home environments (Fig. 15), demonstrating realistic deployment conditions. In total,
each participant completed more than three trials under both single-task and dual-task conditions, resulting in
over 10 minutes of data per participant and approximately 6 hours of data overall.

5.2 System Implementation
5.2.1 Hardware. We used three off-the-shelf, 9-axis wireless IMUs [5] (each weighing 20 g and equipped with
a 250mAh lithium battery) that are cheap, easy to don, and widely available. Each unit integrates a triaxial
accelerometer, a triaxial gyroscope, and a magnetometer, sampled at 50Hz.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 10, No. 2, Article 75. Publication date: June 2026.



75:18 • Zhang et al.

Table 3. Comparison with baseline methods under LOSO. We report mean±std for Acc/F1/MAE. Statistical significance is
assessed using BH-adjusted Wilcoxon signed-rank tests on fold-level metrics (one fold per subject), comparing each baseline
to Ours within each task.

Method ARIS GAIT STAB POST AVG

Acc↑ F1↑ MAE↓ Acc↑ F1↑ MAE↓ Acc↑ F1↑ MAE↓ Acc↑ F1↑ MAE↓ Acc↑ F1↑ MAE↓

BaselineA 0.45±0.24∗ 0.58±0.26∗ 0.90±0.60∗ 0.29±0.08∗ 0.44±0.10∗ 1.03±0.30∗ 0.28±0.10∗ 0.43±0.14∗ 1.23±0.44∗ 0.26±0.08∗ 0.41±0.10∗ 1.31±0.27∗ 0.32±0.09∗ 0.46±0.11∗ 1.11±0.33∗
BaselineB 0.56±0.44∗ 0.60±0.44∗ 0.54±0.59∗ 0.67±0.41n.s. 0.71±0.40∗ 0.36±0.48n.s. 0.53±0.42∗ 0.58±0.43∗ 0.62±0.60∗ 0.61±0.48n.s. 0.61±0.48n.s. 0.45±0.60n.s. 0.59±0.24∗ 0.62±0.23∗ 0.49±0.29∗
BaselineC 0.61±0.40∗ 0.66±0.39∗ 0.44±0.48∗ 0.62±0.45∗ 0.64±0.45∗ 0.38±0.45n.s. 0.60±0.43∗ 0.63±0.42∗ 0.52±0.60∗ 0.66±0.42n.s. 0.69±0.41n.s. 0.39±0.50n.s. 0.62±0.22∗ 0.66±0.22∗ 0.43±0.28∗
BaselineD 0.67±0.41∗ 0.71±0.40∗ 0.45±0.65∗ 0.55±0.41∗ 0.60±0.40∗ 0.62±0.64∗ 0.74±0.37∗ 0.78±0.35∗ 0.38±0.58∗ 0.65±0.40∗ 0.70±0.38∗ 0.53±0.62∗ 0.65±0.23∗ 0.70±0.21∗ 0.49±0.44∗
BaselineE 0.47±0.40∗ 0.53±0.39∗ 0.65±0.64∗ 0.40±0.40∗ 0.46±0.42∗ 0.70±0.52∗ 0.54±0.45∗ 0.57±0.45∗ 0.69±0.79∗ 0.52±0.39∗ 0.59±0.39∗ 0.80±0.81∗ 0.48±0.26∗ 0.54±0.25∗ 0.71±0.47∗
Ours 0.88±0.24 0.91±0.21 0.16±0.39 0.79±0.29 0.84±0.26 0.29±0.48 0.89±0.20 0.92±0.17 0.16±0.35 0.75±0.37 0.79±0.35 0.40±0.59 0.83±0.17 0.87±0.14 0.25±0.31

‘*‘ indicates 𝑝 < 0.05, and n.s. denotes not significant.

5.2.2 Model Implementation. We implemented PIGDAssess in PyTorch 2.8.0 and trained it on a single NVIDIA
GeForce RTX 4090 D GPU. The model consists of time-domain ResNet1D encoders, an Action-weighted Task
Head (AWTH), and two adaptation components.

For each action, a ResNet1D encoder with four stages (channels 64, 128, 256, 512) maps 50Hz IMU windows to
128-dimensional features. Single-task and dual-task windows share the same encoder and are concatenated to
form a 256-dimensional action embedding; the three action embeddings are stacked as E ∈ R𝐵×3×256.

AWTH computes task-specific action weights and produces a fused embedding f̃𝑡 ∈ R𝐵×256, which is mapped
to logits ẑ𝑡 ∈ R𝐵×𝐶𝑡 with 𝐶𝑡 = 4 ordinal levels.
To improve robustness, we apply Prior-CDAN with a gradient reversal layer and an ordinal continuity reg-

ularizer. The model is trained end-to-end for 50 epochs using AdamW (batch size 128, learning rate 1×10−4).

6 EVALUATION
We evaluated PIGDAssess on a cohort of 35 participants using leave-one-subject-out cross-validation. In each
fold, one subject was held out as the test set, while data from the remaining 34 subjects were used for training.
All trials from the held-out subject formed the test set, with one prediction generated per trial. Evaluation metrics
were computed over all test trials in each fold, and final performance was reported as the mean across folds.

Given the four ordinal PIGD score categories, we report performance using Accuracy (Acc), Macro-F1 (F1),
and Mean Absolute Error (MAE). Accuracy evaluates the overall correctness of the model, Macro-F1 balances
the performance across all categories, making it suitable for imbalanced data, while MAE measures the average
deviation between predicted and actual values:

Acc = 1
𝑁

𝑁∑︁
𝑖=1

1(𝑦𝑖 = 𝑦𝑖 ), Macro-F1 = 1
𝐶

𝐶∑︁
𝑐=1

2 Prec𝑐 Rec𝑐
Prec𝑐+Rec𝑐 , MAE = 1

𝑁

𝑁∑︁
𝑖=1

��𝑦𝑖 − 𝑦𝑖 ��.
We organize the evaluation into four parts: baseline comparison, robustness analysis, demographic analysis, and

ablation study. Baseline, robustness, and demographic analyses are conducted using LOSO cross-validation. For
demographic analysis, LOSO predictions are further stratified by participant demographics and evaluated at the
subgroup level. The ablation study instead targets sample-level effects. We therefore use 10-fold user-independent
cross-validation and report sample-level performance without majority voting to better isolate the contribution
of individual components.
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Fig. 16. Robustness of PIGDAssess under different conditions. (a) Environment-wise: corridor vs. room, showing almost
no change. (b) Distance-wise: varying walking distances (2–4 m) keeps macro-F1 above 0.79. (c) Missing IMU sensors:
performance degrades most when removing the waist IMU, confirming its importance. (d) Segment-wise: a 10 s segment
yields the most reliable performance across durations.

6.1 Baselines
We construct five baselines following common practices in prior work. Because current postural stability studies
do not yet cover the full set of PIGD items, we instantiate our baselines by adapting the state-of-the-art methods
from the closest problem settings:
• Baseline-A. Random predictions sampled according to the ground-truth class distribution.
• Baseline-B. Extract IMU-derived kinematic (e.g., stride, symmetry) and statistical features from both
single-task and dual-task trials. Then perform feature selection with Elastic Net (EN) and train an SVM
classifier with an RBF kernel. This baseline reflects a traditional pipeline without deep learning[33].
• Baseline-C. Identical to Baseline-B, except that the SVM classifier is replaced with a proportional-odds
ordinal regression model to explicitly account for the ordinal nature of UPDRS scores.
• Baseline-D. Use a ResNet1D backbone with a multi-action encoder, and directly concatenate the three
action embeddings as the input to the classifier, without any action-specific weighting [22].
• Baseline-E. Same as Baseline-D, except that the ResNet1D encoder is replaced with a pretrained LIMU-
BERT encoder[44], which uses the Transformer architecture and is considered a good backbone.
• Ours. Starting from Baseline B, add our proposed modules AWTH, Prior-CDAN, and ordinal continuity
regularizer to better fuse multi-action signals, improve domain alignment, and preserve ordinal severity.

As shown in Table 3, our model achieves the best accuracy and macro-F1 on all four UPDRS–PIGD items,
indicating that the improvements are consistent across tasks rather than confined to a single item or label space.
The gains are also substantial: compared with the strongest baseline on the averaged metrics, our method improves
macro-F1 by 0.17, accuracy by 0.18, and reduces MAE by 0.18, well beyond typical fold-to-fold variability. Notably,
the improvements are particularly pronounced on STAB, the most clinically challenging subscore, suggesting
that action-weighted fusion and prior-guided alignment effectively recover balance-related signals from raw data.

We chose the ResNet1D as our backbone because Baseline-D empirically outperforms the LIMU-BERT baseline
(Baseline-E). Although we fine-tuned the pretrained LIMU-BERT model using our data, the backbone, which
utilizes motion data from healthy individuals, proved unsuitable for our specific patient scenarios. Furthermore,
the performance gain of Ours compared to Baseline-B clearly demonstrates the effectiveness of our designed
task-specific modules (AWTH, Prior-CDAN, and the ordinal continuity regularizer).

6.2 Robustness Study
6.2.1 Impact of Environment. We evaluate the system in two physical interaction contexts: (i) a corridor envi-
ronment—a relatively open hallway suitable for gait assessment, featuring long straight walks, unobstructed
turning, and minimal interference (e.g., an inpatient ward); and (ii) a room environment—a confined space
resembling a living room or clinical examination room, where furniture, medical equipment, and personnel
introduce spatial and visual clutter (e.g., an outpatient clinic or home). As shown in Fig. 16(a), overall performance
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remains comparable across environments, with stable mean macro-F1 scores between corridor and room settings.
However, item-level variability is observed: POST shows moderate declines in the room environment, likely due
to spatial constraints and increased visual clutter affecting upright control. Despite these shifts, performance
across all items remains within clinically acceptable bounds, indicating that our model can generate reliable PIGD
subscores in real-world home-like environments.

6.2.2 Impact of Distance. We next evaluate robustness with respect to walking distance. In our protocol, par-
ticipants should perform a walk-turn task. However, depending on different testing setups, e.g., different room
sizes, the maximum allowed walking distance will be different in practice. In fact, in our data collection setting,
patients were recruited in three different venues (two rooms and one corridor), which allows for three different
walking distances: 2 m, 3 m, and 4 m. In this evaluation, we verify whether this maximum walking distance will
affect PIGDAssess’s performance. The slight macro-F1 dip observed with increasing distance likely stems from
increased gait variability (Fig. 16(b)); however, performance remains stable (mean macro-F1 > 0.79) and within
clinically acceptable ranges. This enables robust, constraint-free deployment in practical settings, with further
potential for enhancement through more diverse training data.

6.2.3 Impact of Missing Sensors. We conduct an IMU ablation study to quantify the contribution of individual
wearable sensors by masking one IMU at a time during inference (Fig. 16(c)). With all three IMUs (lumbar and both
feet), the system achieves a mean macro-F1 of 0.87. Removing the lumbar IMU leads to the largest degradation
(macro-F1 drops to 0.62), highlighting the importance of trunk dynamics for axial and postural assessment.
Removing either foot IMU also degrades performance, with macro-F1 decreasing to 0.77 and 0.71, respectively,
indicating that foot-level kinematics contribute to gait- and stability-related items but are individually less
dominant than the lumbar sensor. Overall, these results justify the three-IMU configuration and demonstrate that
each sensor provides complementary clinical information.

6.2.4 Effect of Segment Duration. Beyond robustness, we further analyze the effect of segment duration on model
performance. In practical home-based scenarios, walking assessments are typically limited to short distances
(2–3 m). Accordingly, we adopt a 10-s walk–turn segment for scoring, which is sufficient to capture turning
events for most patients with Parkinson’s disease in this setting. We compare this setting with other durations
(5 s, 30 s, and the full recording). As shown in Fig. 16(d), performance degrades for 5 s segments, likely because
they often fail to capture complete turning events. Performance remains stable at 30 s, whereas using the full
recording leads to lower scores due to the lack of segment-based pairing augmentation and increased variability.
Overall, these results indicate that a 10-s window strikes a good balance between temporal completeness and
modeling stability, supporting reliable real-world deployment.

6.3 Demographic Study
6.3.1 Impact of Gender. We also evaluate performance by gender, grouping participants into female and male, see
Fig.17(a). The mean macro-F1 is similar across the two groups, indicating that the model assigns stable scores to
both. The female group is slightly higher, which is likely due to sample size (20 females vs. 15 males) rather than
systematic bias. Overall, this suggests that sex does not substantially affect model validity and that increasing
data in both groups should further stabilize performance.

6.3.2 Impact of PD Subtype. We conduct a subtype-wise analysis by grouping participants into PIGD+TD,
PIGD+OMA, and PIGD-O (Fig. 17(b)). Due to smaller sample sizes, PIGD+TD and PIGD+OMA exhibit greater
item-level variability. Nonetheless, the average macro-F1 remains comparable across groups, indicating that
the model generalizes beyond pure PIGD. Notably, POST shows a pronounced drop in PIGD+OMA, which may
reflect increased axial involvement or asymmetry in this subgroup, leading to posture patterns that deviate from
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Fig. 17. Demographic study of PIGDAssess. (a) Gender-wise: both female and male patients achieve high macro-F1, with
females slightly higher. (b) Subtypes-wise: performance is stable across PIGD+TD, PIGD+OMA, and pure PIGD groups. (c)
Age-wise: accuracy remains high across age groups.

Table 4. Ablation on five model variants. We add modules step by step. Bold indicates the best result (higher is better for F1,
lower is better for MAE), and underlined values indicate the second best.

Method Pair AWTH CDAN P-CDAN OC ARIS GAIT STAB POST Average

F1↑ MAE↓ F1↑ MAE↓ F1↑ MAE↓ F1↑ MAE↓ F1↑ MAE↓

Variant-A – – – – – 0.58±0.23 0.43±0.26 0.52±0.17 0.46±0.10 0.57±0.23 0.67±0.42 0.53±0.22 0.70±0.31 0.55±0.21 0.57±0.27
Variant-B ✓ – – – – 0.72±0.22 0.36±0.24 0.62±0.20 0.48±0.22 0.53±0.14 0.63±0.22 0.58±0.19 0.74±0.31 0.61±0.19 0.55±0.25
Variant-C ✓ ✓ – – – 0.77±0.23 0.31±0.25 0.57±0.19 0.47±0.32 0.70±0.20 0.44±0.31 0.62±0.24 0.49±0.28 0.66±0.21 0.43±0.21
Variant-D ✓ ✓ ✓ – – 0.79±0.24 0.21±0.24 0.69±0.19 0.33±0.19 0.57±0.15 0.60±0.24 0.59±0.23 0.51±0.27 0.66±0.20 0.41±0.24
Variant-E ✓ ✓ – ✓ – 0.81±0.22 0.20±0.21 0.60±0.19 0.32±0.14 0.69±0.17 0.40±0.28 0.62±0.22 0.49±0.27 0.68±0.20 0.35±0.13
Ours ✓ ✓ – ✓ ✓ 0.82±0.23 0.21±0.24 0.72±0.24 0.25±0.16 0.75±0.17 0.41±0.27 0.69±0.22 0.31±0.19 0.75±0.21 0.30±0.22

Pair = pairing-based augmentation, AWTH = adaptive window temporal harmonization, P-CDAN = prior-guided CDAN, OC = ordinal continuity regularizer.

typical Parkinsonian posture. Overall, despite subtype-specific performance differences, the model maintains
stable average performance across PIGD phenotypes.

6.3.3 Impact of Age. We also analyze performance by age (Fig. 17(c)), dividing participants into four groups: <60,
60–69, 70–79, and 80+. The mean macro-F1 is broadly similar across age groups, indicating that the model can
score PIGD across a wide age range without large degradation. We do observe a dip in the 70–79 group, and more
variability in the 80+ group. This is likely because older participants often present more severe or complex motor
impairment, which is harder to model consistently. Overall, age does not appear to introduce a major systematic
bias, though very advanced age may increase task difficulty.

6.4 Ablation Study
We construct five model variants to systematically evaluate the contribution of each introduced module.
• Variant-A.Adopt a ResNet-basedmulti-action encoder and simply concatenate the three action embeddings,
without any action weighting.
• Variant-B. Add pairing-based augmentation, which introduces multiple pairing strategies to enrich the
training samples.
• Variant-C. Add Action-weighted Task Head.
• Variant-D. Add standard CDAN for domain alignment.
• Variant-E.Modify the standard CDAN with our prior-guided, kinematics-informed alignment method.
• Ours. Add the ordinal continuity regularizer, which enforces a smooth progression of latent features across
the ordered PIGD severity levels.

6.4.1 Effectiveness of Pairing-based Data Augmentation. Simply concatenating single- and dual-task features
introduces systematic bias, as movements under cognitive load differ from baseline movements. With the proposed
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pairing-based augmentation, Variant B raises the average macro-F1 from 0.55 to 0.61, suggesting that structured
pairing both enriches sample diversity and more faithfully models the contrast between baseline and cognitively
loaded conditions.

6.4.2 Effectiveness of Action-weighted Task Head. The AWTH enables per-sample adaptive fusion of action
embeddings. Compared to Variant-B, Variant-C boosts macro-F1 for STAB from 0.53 to 0.70. Overall macro-
F1 rises from 0.61 to 0.66. This confirms that dynamically weighting actions enhances model sensitivity to
task-specific motor cues.

6.4.3 Effectiveness of Prior-guided Adaptation. Standard CDAN (Variant-D) improves some items but degrades
item STAB and does not yield any increase on POST, likely due to uncontrolled alignment washing out clinical
severity structure. Replacing it with biomechanics-informed Prior-CDAN (Variant-E) raises the average macro-F1
to 0.68, with dramatic gains on STAB (macro-F1: 0.57 → 0.69). Adding ordinal continuity further improves
average macro-F1 to 0.75. This demonstrates that constraining alignment by kinematic similarity preserves
phenotype-level differences, and enforcing ordinal smoothness sharpens decision boundaries toward clinically
meaningful neighborhoods.

6.5 Computation Cost
Although training was performed on an NVIDIA RTX 4090D, our system is designed to run inference with low
computational overhead. We profiled the deployed model by running 1,000 forward passes on the 4090D and
reported the averaged results. The mean inference latency is 19.79 ms per sample, with a peak GPU memory
reservation of only 394 MB (388.71 MB peak allocated). These measurements indicate that the model can operate
in (near) real time on a single consumer-grade GPU, with a modest memory footprint.

7 CLINICAL USABILITY STUDY
To complement the quantitative results, we conducted a clinician-in-the-loop study to evaluate the clinical
validity, reliability, and practical usability of the proposed system. The study consists of (i) a clinician-oriented
performance analysis and (ii) semi-structured expert interviews.

7.1 Clinician-oriented Clinical Analysis
Each participant completed multiple dual-task trials. Trial-level predictions were aggregated using majority
voting to yield a single subject-level prediction for each item, reflecting realistic clinical use. This resulted in a
total of 35×4 subject-level predictions across all participants and UPDRS–PIGD items (see Appendix Table 5).
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for PIGDAssess. Bars show the number of experts selecting each option (n=4).

Two movement disorder specialists independently scored all participants using UPDRS–PIGD. We evaluated
inter-rater reliability between the two clinicians (Fig. 18) and computed the Pearson correlation between system
predictions and clinician scores (Fig. 19). The correlation between the system and clinician scores was comparable
in magnitude to inter-clinician agreement, indicating that the system’s level of agreement falls within the range
of clinician variability and supporting its clinical reliability.
Figure 20 summarizes subject-level performance across the four UPDRS–PIGD assessment items in terms of

Accuracy, Macro-F1, and MAE. The system achieves an average Accuracy of 0.86, a Macro-F1 of 0.82, and an
MAE of 0.21. We further analyzed false positive and false negative rates (Fig. 21). The overall underestimation
rate was 8.75% on average, while the false negative rate averaged 5.25%.

7.2 Expert Experience Study
To evaluate the real-world usefulness, safety, and deployment readiness of PIGDAssess, we conducted a semi-
structured expert experience study with Parkinson’s disease (PD) clinicians.

7.2.1 Study Design. We designed a structured questionnaire to collect expert feedback on the system’s clinical
value, reliability, error tolerance, safety risks, and future improvement directions. The questionnaire covered
eight themes: (Q1) overall usefulness, (Q2) use scenarios, (Q3) result reliability, (Q4) metric adequacy, (Q5) error
tolerance, (Q6) safety and liability, (Q7) fall risks, and (Q8) improvement priorities. The full questionnaire is
provided in the appendix.

Four experts participated, including two movement-disorder specialists (S1, S2) and two general neurologists
(P1, P2). Before completing the questionnaire, experts reviewed per-patient results from 35 PD patients (individual
ratings, consensus ground truth, and system predictions), quantitative performance metrics (correlation, Accuracy,
Macro-F1, and MAE), and false-positive/false-negative error distributions.

7.2.2 Perceived Usefulness and Application Scenarios (Q1-2). As for Q1, all experts agreed that PIGDAssess is
useful for real-world applications, particularly for objective home-based assessment of posture stability and gait.
One movement-disorder specialist noted that “PIGDAssess enables patients to complete objective posture stability
and gait assessments at home” (S1), while another expert described it as “lightweight and easy to use” (S2). As
shown in the Fig. 22, experts identified appropriate use scenarios, with remote triage most frequently cited (Q2).
They emphasized that PIGDAssess outputs should be reviewed by healthcare professionals, as PIGDAssess is
designed as an assessment support tool. One neurologist suggested predefined thresholds or longitudinal changes
to prompt further evaluation, noting that “when any sub-item score reaches 3 or higher, or when the score changes
by two points between visits, further clinical evaluation should be triggered” (P1).
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7.2.3 Trust in Single-patient Results (Q3). Regarding result reliability, experts reported moderate-to-high confi-
dence in individual patient-level predictions (mean: 4.75/7), viewing system outputs as supportive references that
still require clinical interpretation. Confidence was noted to decrease in the presence of comorbidities, motor
state fluctuations, or cognitive limitations, as “the assessment may not reflect typical function” during off periods
or other conditions (S1), or when patients “cannot properly perform the task due to cognitive impairment” (P1).

7.2.4 Adequacy of Performance Metrics and Error Sensitivity (Q4-5). All experts agreed that the reported metrics
are sufficient to support pilot clinical use as a decision-support tool (Q4). MAE was viewed as a key indicator of
clinical agreement, with values below about 0.8 considered acceptable and around 0.5 ideal, reflecting the “average
deviation from the clinical gold standard” (S1). Errors within the 0.5–1 point range were noted to “not affect the
identification of moderate or more severe impairment” (P1). For PIGDAssess, the average MAE is 0.21, indicating
strong agreement with clinical ratings. For Q5, experts unanimously emphasized that false negatives are less
acceptable than false positives, noting that “missing high-risk patients is more concerning” (P1). Accordingly,
experts emphasized the priority of sensitivity in high-risk detection, considering up to 15–20 false positives
but only about 5 false negatives per 100 patients to be acceptable. For PIGDAssess, the average false-negative
rate is 5.25%, which aligns closely with this clinical threshold. This strong alignment between our quantitative
performance and expert expectations supports the system’s viability as an objective screening and longitudinal
monitoring tool, facilitating home-based triage rather than serving as a diagnostic replacement.

7.2.5 Safety, Liability, and Future Directions (Q6-8). As shown in the Fig. 22, experts expressed primary concerns
about safety and responsibility in home-based self-assessment, with delayed care due to false negatives cited most
frequently, followed by misinterpretation of results and fall risk (Q6). These concerns highlighted the need for
explicit safeguards and clear non-diagnostic framing. As one expert noted, “the system should clearly state that it is
not a diagnostic tool, with final interpretation remaining with clinicians” (P1), while another emphasized informed
consent, stating that patients should “acknowledge their understanding of the system’s purpose and limitations
before use” (S1). All experts agreed that although the self-testing protocol entails some fall risk—mainly during
sit-to-stand, walking, and turning—this risk is primarily attributable to patients’ underlying motor impairments,
and remains manageable under appropriate conditions, such as caregiver supervision, non-slip flooring, and
access to stable support (Q7). Regarding future directions, experts prioritized longitudinal reliability, as reflected
in the Fig. 22 (Q8). One expert further suggested cognitive screening prior to home use, proposing that “a brief
cognitive screening could be used before allowing home self-assessment” (P1), to ensure safe and reliable deployment.

8 DISCUSSION
We discuss key limitations of this work, outline corresponding directions for improvement, and highlight potential
extended applications.
Limited and Clinic-centric Data. Our study is based on a single-center cohort of 35 participants, with

movement labels derived from clinician ratings obtained under controlled assessment protocols. In the context
of IMU-based PIGD assessment with fine-grained, item-level annotations, a cohort of this size constitutes a
relatively rare, high-quality aligned dataset. Although all four PIGD subitems are represented, the limited sample
size and geographical diversity may constrain the coverage of diverse movement patterns and environmental
contexts. In addition, clinic-based assessments may not fully capture symptom progression in daily life. Collecting
high-quality at-home motor data from Parkinson’s patients remains challenging due to patient burden and the
high cost of comprehensive clinical annotation. Despite these challenges, our dataset represents one of the first
to pair item-level PIGD labels with wearable IMU signals in real-world settings. As with most within-cohort
cross-validation studies, performance estimates may be moderately optimistic compared to real-world deployment
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on previously unseen populations. Furthermore, for participants with more severe symptoms (H-Y Stage 3 or 4),
caregivers provided physical assistance during walking tasks to ensure safety, which may influence the purity of
the recorded gait signals. To address these limitations and improve generalizability, we plan to conduct multi-site
studies with larger, more heterogeneous populations and release an IMU dataset with full PIGD item-level labels
to support community benchmarking.
Practical Considerations for Real-world Deployment. Our protocol employs dual-task paradigms, such

as performing arithmetic during walking or standing, to elicit subtle balance impairments. While supported
by motor control literature, performance variability may reflect not only motor deficits but also differences in
cognitive load and coping strategies, making fixed-difficulty tasks (e.g., serial subtraction) suboptimal across
participants. Future versions could incorporate adaptive cognitive tasks to maintain engagement and improve
sensitivity to changes in postural control and gait stability. In addition, the current system requires three IMUs
placed on the lumbar region and both feet. Although low-cost and minimally invasive, this configuration poses
challenges for long-term home deployment, as sensor misplacement or non-compliance can degrade performance.
To improve robustness, we will explore signal imputation and self-supervised pretraining on large-scale unlabeled
in-home data, and investigate contactless modalities (e.g., RGB-D sensing) to further reduce user burden and
extend applicability.

Clinician Perspective. Clinicians viewed PIGDAssess as most valuable for extending functional assessment
beyond the clinic rather than replacing in-clinic UPDRS evaluation. Its subject-level performance, agreement
with clinician consensus within inter-rater variability, and false negative rates—while not yet at experts’ ideal
tolerance levels—were considered sufficient to support screening and longitudinal monitoring under clinical
oversight. Repeated home-based assessment over multiple days is an important direction for future work to
evaluate test– longitudinal reliability and distinguish true clinical changes from day-to-day variability. Future
studies will examine whether the assessment shows high repeatability under stable conditions or systematic
variability aligned with symptom fluctuation, which is critical for establishing confidence in objective, home-based
longitudinal monitoring.
Extended Applications. This study demonstrates that full UPDRS–PIGD scoring, including STAB, can be

performed safely at home using a short and repeatable dual-task protocol. Replacing high-risk maneuvers with
low-burden self-tests and reporting item-level scores enables finer longitudinal tracking of axial and gait symptoms
between visits. The same framework can extend to other balance- and fall-related disorders and integrate with
tele-neurology dashboards, with the potential for deployment on consumer wearables through edge-oriented
optimization. More broadly, our results support the idea that cognitive interference during movement can reveal
neurodegeneration-related motor deficits, suggesting that common daily dual-task activities may serve as practical
probes for passive, unobtrusive home-based monitoring.

9 CONCLUSION
This paper presents PIGDAssess, the first wearable system that enables fully self-administered, at-home estimation
of all four UPDRS–PIGD subitems—including postural stability—without a clinician-performed pull test. Using
only three off-the-shelf IMUs and a brief single/dual-task protocol, our method pairs cognitive-load perturbations
with a multi-action multi-task architecture and prior-guided adaptation to deliver reliable item-level scores. In a
35-participant evaluation, PIGDAssess achieves strong accuracy across items and clinician-level performance on
reactive balance, pointing toward frequent, low-burden fall-risk monitoring in everyday settings.
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APPENDIX

A PER-SUBJECT PIGD SUBITEM SCORES
This appendix reports subject-level scores for each PIGD subitem. For each participant and each subitem, we
list the scores assigned by two clinicians (R1 and R2), the consensus rating reached after discussion and used as
ground truth (GT), and the prediction produced by PIGDAssess (PA). All scores follow the MDS-UPDRS ordinal
scale (0–4).

Table 5. Per-subject scores for all PIGD-related UPDRS subitems. For each participant and each subitem, we report two
independent clinician ratings (R1, R2), the consensus ground truth label (GT) obtained after adjudication, and the prediction
from PIGDAssess (PA) produced under the LOSO protocol with majority voting aggregation.

Subject ID ARIS (3.9) GAIT (3.10) STAB (3.12) POST (3.13) Total

R1 R2 GT PA R1 R2 GT PA R1 R2 GT PA R1 R2 GT PA R1 R2 GT PA

S01 0 0 0 0 1 2 2 1 3 2 3 1 2 2 2 2 6 6 7 4
S02 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 1 0 0 1
S03 0 0 0 0 1 1 1 1 0 0 0 0 0 0 0 0 1 1 1 1
S04 0 0 0 0 1 1 1 1 0 1 0 0 2 2 2 2 3 4 3 3
S05 1 0 1 1 2 2 2 2 1 1 1 1 2 1 2 2 6 4 6 6
S06 0 0 0 0 1 1 1 2 0 1 0 1 0 1 0 2 1 3 1 5
S07 1 1 1 1 2 2 2 2 1 1 1 1 2 2 2 2 6 6 6 6
S08 0 0 0 0 1 2 2 2 1 1 1 1 2 2 2 2 4 5 5 5
S09 0 0 0 0 0 0 0 0 0 0 0 0 2 2 2 2 2 2 2 2
S10 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 1 0 0 1
S11 0 0 0 0 2 2 2 2 4 3 3 3 1 2 2 2 7 7 7 7
S12 1 1 1 1 2 2 2 2 1 1 1 1 1 2 2 2 5 6 6 6
S13 0 0 0 0 2 2 2 2 1 1 1 1 3 3 3 3 6 6 6 6
S14 1 1 1 1 1 2 2 2 1 1 1 1 2 2 2 2 5 6 6 6
S15 0 1 0 0 1 1 1 1 0 0 0 0 2 1 1 2 3 3 2 3
S16 2 1 2 2 3 3 3 3 3 3 3 3 3 3 3 3 11 10 11 11
S17 0 0 0 0 0 0 0 0 2 2 2 2 1 1 1 1 3 3 3 3
S18 0 0 0 0 1 0 1 1 1 1 1 1 2 2 2 2 4 3 4 4
S19 0 0 0 0 1 1 1 1 1 1 1 1 0 0 0 0 2 2 2 2
S20 4 3 3 3 4 4 3 3 4 4 3 3 3 2 3 3 15 13 12 12
S21 1 1 1 1 1 1 1 1 0 0 0 0 1 1 1 1 3 3 3 3
S22 1 1 1 1 2 2 2 0 2 2 2 2 3 3 3 3 8 8 8 6
S23 1 1 1 1 2 2 2 2 1 2 2 2 3 3 3 3 7 8 8 8
S24 0 0 0 0 1 1 1 1 1 1 1 1 2 1 2 2 4 3 4 4
S25 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
S26 2 3 3 2 2 3 3 3 3 3 3 3 3 3 3 3 10 12 12 11
S27 3 4 3 3 4 3 3 3 3 3 3 3 2 3 3 3 12 13 12 12
S28 2 3 2 3 2 2 2 2 4 3 3 3 3 3 3 3 11 11 10 11
S29 0 1 0 0 1 2 2 1 1 1 1 1 2 3 3 1 4 7 6 3
S30 0 0 0 0 1 1 1 1 0 0 0 0 0 0 0 0 1 1 1 1
S31 1 1 1 1 1 1 1 1 1 1 1 1 2 2 2 3 5 5 5 6
S32 1 0 0 0 0 1 0 2 1 1 1 1 0 0 0 0 2 2 1 3
S33 3 3 3 3 3 3 3 3 3 4 3 3 3 3 3 3 12 13 12 12
S34 3 0 0 3 1 1 1 3 1 0 0 0 1 0 0 3 6 1 1 9
S35 1 1 1 1 1 1 1 1 1 0 1 1 1 1 1 0 4 3 4 3

B EXPERT INTERVIEW QUESTIONNAIRE
This questionnaire was designed to collect expert feedback on the usability, safety, and deployment readiness of
PIGDAssess at its current level of performance.
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B.1 Pre-interview Materials
Prior to completing the questionnaire, experts reviewed: (i) per-patient results from 35 Parkinson’s disease (PD)
patients (R1, R2, GT, PA); (ii) summary performance metrics (correlation, Accuracy, Macro-F1, MAE); and (iii)
distributions of false-positive and false-negative errors. Experts were explicitly informed that PIGDAssess is an
assessment support tool rather than a diagnostic system.

B.2 Expert Background
Q0. Professional role (multiple selections): Movement-disorder neurologist; General neurologist; Physical
therapist / Occupational therapist (PT/OT); Clinical researcher; Other.
Q0.1 Primary PD assessment context (multiple selections): In-person outpatient visits; Remote follow-up

or home assessment; Rehabilitation; Clinical research; Other.

B.3 Questionnaire
Q1. Overall usefulness. Do you consider the current version of PIGDAssess useful in real-world clinical or
research settings?
Useful in real-world scenarios; Shows potential but is not yet ready for use; Not currently usable
Follow-up: Please briefly explain the primary reason for your selection.
Q2. Use scenarios. If the system were to be used at the current stage, which application scenarios would you

consider most suitable for PIGDAssess? (multiple selections):
Remote triage; Longitudinal monitoring between clinical visits; Research or clinical trials; Not suitable for use.
Follow-up: (a) Who should be the primary reviewer of the results? Physician; PT/OT; Nurse; Patient; Other.
(b) Should further clinical evaluation be triggered by threshold exceedance or significant score changes? Yes

(please specify criteria) / No.
Q3. Result reliability. After reviewing, for each patient, the predicted scores for ARIS / GAIT / STAB / POST

alongside the corresponding ground truth ratings, how would you rate your overall level of trust in the system’s
results for an individual patient?
Please rate on a 1–7 scale:
• 1–2: Not reliable enough to support any clinical decision
• 3–5: Acceptable as a reference, but requires manual review
• 6–7: Reliable enough to directly support triage or follow-up decisions

Follow-up: Under what conditions would you distrust the system’s results?
Q4. Metric adequacy. Given 𝑟 ≈ 0.88, along with Accuracy, Macro-F1, and MAE, how would you assess the

current performance?
Sufficient for clinical pilot use/ Suitable for research use only/ Insufficient for practical use
Follow-up: (a) What range of MAE would you consider clinically acceptable? (b) Which type of error is more

concerning: false negatives or false positives?
Error definitions: False positive (FP): 𝑃𝐴 > 𝐺𝑇 ; False negative (FN): 𝑃𝐴 < 𝐺𝑇 ; Risky FN: underestimation by
≥ 1 point in a high-risk range.
Q5. Error tolerance.Which type of error do you consider more serious? False negatives / False positives /

Context-dependent.
Acceptable number of errors per 100 patients: False positives: False negatives:
Q6. Safety and liability. If patients complete the assessment independently at home and view the results

themselves, which risks would you be most concerned about? (multiple selections):
Delayed care due to false negatives; Anxiety or over-treatment due to false positives; Misinterpretation as a

diagnostic tool; Risk of falls during testing; Unclear clinical responsibility; Other.
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Follow-up: What statements, warnings, or safeguards should the system include?
Q7. Fall risks. Do you consider the current home-based self-assessment protocol to pose a risk of falls?
No obvious risk; Some risk, manageable with appropriate constraints; High risk, not suitable for home use
Follow-up: (a) Which assessment actions pose the highest fall risk? (b) What safety conditions are required

(e.g., supervision, environmental constraints)?
Q8. Improvement priorities. What would be the highest-priority improvements needed to make you more

willing to use PIGDAssess in your routine practice? (multiple selections):
Larger or external validation; Clearer score interpretation or thresholds; Longitudinal reliability; Safer or

simplified tasks; Uncertainty or confidence estimation; Other.
Optional comments:

C IMPLEMENTATION DETAILS

C.1 Network Architecture
We implemented PIGDAssess in PyTorch 2.8.0 and trained it on a single NVIDIA GeForce RTX 4090 D GPU.

Time-domain ResNet1D encoders. For each action, we use a temporal ResNet1D with four stages (channels
64, 128, 256, 512) to encode 50Hz IMU windows into a 128-dimensional feature. Single-task and dual-task windows
share the same encoder, and their two 128-dimensional features are concatenated into a 256-dimensional action
embedding e𝑎 ∈ R256. The three action embeddings are stacked into E ∈ R𝐵×3×256.

Action-weighted Task Head (AWTH). For each task head, a lightweight attention scorer produces per-action
weights m𝑡 ∈ R𝐵×3. A weighted sum of the three action embeddings yields a fused representation f̃𝑡 ∈ R𝐵×256,
which is passed to a task-specific classifier to produce logits ẑ𝑡 ∈ R𝐵×𝐶𝑡 . All PIGD subitems use 𝐶𝑡 = 4 ordinal
severity levels {0, 1, 2, 3}.

Prior-guided Conditional Domain Alignment (Prior-CDAN). For each task, the fused embedding f̃𝑡 is combined
with its class posterior softmax(ẑ𝑡 ) to form a joint feature of dimension approximately 𝐶𝑡 × 256. This feature is
passed through a Gradient Reversal Layer (GRL) with schedule

𝜆(𝑝) = 2
1 + exp(−10𝑝) − 1,

and then into a domain discriminator trained to distinguish training and held-out validation data (𝑛domains = 2).
The discriminator is optimized using cross-entropy loss; via the GRL, the encoder is encouraged to learn domain-
invariant task features.

Ordinal Continuity Regularizer. For each task 𝑡 , we maintain a FIFO memory of size 𝐾 = 4096 storing past fused
features and their ordinal labels 𝑦 ∈ {0, 1, 2, 3}. For each batch sample, a label-aware soft target is constructed
with temperature 𝜏 = 0.25.

C.2 Training Details
The model is trained end-to-end for 50 epochs with batch size 128 using AdamW, with learning rate 1×10−4 and
weight decay 1×10−4. In the final training objective (Eq. 11), we set 𝛾 = 2.0, 𝜆adv = 0.3, and 𝜆con = 0.2.
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