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ABSTRACT
Parkinson’s disease is characterized by a variety of

motor symptoms, with rest tremor and dyskinesia
among themost common and disruptive, significantly
affecting patients’ quality of life. However, their clini-
cal evaluation remains subjective and limited to
in-clinic assessments and patient self-reports. Intelli-
gent Internet of Medical Things (IIoMT) solutions
based on wearable sensors can provide continuous
and objectivemonitoring of these symptoms and sup-
port the extraction of clinically interpretable digital
biomarkers. In this work, we present a deep learning-
based IIoMT framework for wrist-worn accelerome-
ter data that jointly supports rest tremor detection,
rest tremor amplitude classification and dyskinesia
detection. The proposed framework leverages
symptom-specific deep learning pipelines based on
spatiotemporal representation learning to capture
the complex dynamics of Parkinson’s motor symp-
toms, while supporting scalable IIoMT deployment.
We evaluate the proposed pipelines using data from
two widely used datasets, namely the Michael J. Fox
Foundation Levodopa Response Study dataset and a
subset of the Verily Study Watch dataset. The results
demonstrate strong performance of the rest tremor
pipeline, including external validation, and show
promising dyskinesia detection performance on
MJFF-LRS. Overall, the proposed framework high-
lights the potential of wearable IIoMT systems for
objective assessment of Parkinson’s motor symp-
toms and medication-related fluctuations.

I. INTRODUCTION
Parkinson’s disease (PD) is a progressive neurodegen-
erative disorder that affects millions of people world-
wide and has a range of motor and non-motor
symptoms. Tremor, an involuntary, rhythmic and
oscillatory movement of a body part [1], is consid-
ered one of the most disruptive motor symptoms in
PD, affecting up to 75% of patients [2]. Rest tremor is
a cardinal symptom of PD and plays a critical role in
the detection and monitoring of PD, as it has a signifi-
cant correlation with early-stage PD [3]. Levodopa is
the gold standard for alleviating PD symptoms;
however, it is associated with side effects in
advanced PD, with approximately 80% of patients
developing levodopa-induced dyskinesia, an involun-
tary and irregular movement complication [4].

However, tracking symptom fluctuations over
time poses certain challenges [5]. Rest tremor and
dyskinesia are most commonly assessed using rating
scales, such as MDS-UPDRS [6], based on clinical
observation or self-report. Clinical assessments are
subject to expert bias and limited to short in-clinic
visits [7]. Outside of clinical environments, patient-
reported diaries offer an alternative but are often inac-
curate and prone to subjective reporting errors in
real-world settings [8].

Recent studies have explored alternative modali-
ties for PD motor assessment to overcome these bar-
riers, such as depth cameras or smartphone-based
video, but these approaches may be intrusive and
raise privacy concerns. Wearable inertial sensors,
especially accelerometers, have gained traction as a
non-intrusive means of providing longitudinal moni-
toring of PD motor symptoms in unconstrained set-
tings. This can be attributed to their ability to monitor
movement patterns of PD patients over time, render-
ing them an essential tool for continuous monitoring
in real-world applications, such as smart home health-
care systems [9].

In the context of IIoMT, wearable devices serve
as edge components, responsible for continuously
obtaining sensor data and transmitting them through
gateways to a backend infrastructure for analysis,
enabling the creation of digital biomarkers that can
be reviewed longitudinally and interpreted clinically.
Importantly, wearable monitoring within an IIoMT
framework requires not only accurate detection but
also sensor reliability across real-world settings, scal-
ability and outputs that clinicians can interpret.

Methods for assessing PD rest tremor and dyskine-
sia based on accelerometers can be classified into
traditional machine learning [10], hybrid feature
approaches and deep learning [11], [12]. Recent
deep learning-based works, such as Convolutional
Neural Networks (CNNs) and Long Short-Term
Memory (LSTMs) networks, have demonstrated
improved performance for tremor and dyskinesia
assessment. However, many of these methods are
trained on limited datasets, often involving a small
number of subjects or relying on proprietary data,
with fewer studies explicitly examining generalization
across devices or recording protocols. These limita-
tions restrict the applicability of current approaches
for real-world IIoMT deployment.

From a clinical perspective, an important potential
application of digital biomarkers is to support clini-
cians in reviewing symptom patterns that are relevant
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to routine patient care. For example, if the severity of
a patient’s tremor is worsening in the period before
the patient’s medication doses, this might be a sign of
wearing off effects. Conversely, if dyskinesia occurs
after the medication doses, this might be a sign of
’peak dose’ effects. By monitoring both tremor and
dyskinesia and visualizing the progression over time,
it becomes easier to reason about the timing and dos-
age of the patient’s medication and the balance
between controlling the symptoms and the side
effects caused by the medication. In this way, the
IIoMT-based monitoring provides objective evidence
to support clinical observations and patient reporting
for medication response assessment and motor
symptoms management.

This work builds on our previous study [12] by
extending the proposed method from assessing rest
tremor to a comprehensive IIoMT framework that
simultaneously tracks both rest tremor and dyskinesia.
In contrast to our earlier work, this article introduces
dyskinesia detection and integrates the proposed
pipelineswithin a system-level IIoMT and clinicalmon-
itoring context, highlighting aspects of deployment
and medication-response interpretation. The main
contributions of this work can be summarized as:
� We present a wearable-based IIoMT framework

for monitoring Parkinson’s motor fluctuations
through three complementary assessment tasks:
rest tremor detection, rest tremor amplitude clas-
sification and dyskinesia detection.

� We implement the tremor and dyskinesia assess-
ment modules as two independently trained,
symptom-specific deep learningmodels that follow
a similar architecture, reducing implementation
redundancy and supporting their deployment in
IIoMT environments.

� Wediscuss how joint tremor and dyskinesiamonitor-
ing supports clinically relevant use cases, including
medication-response assessment and longitudinal
tracking ofmotor fluctuations in real-world settings.

II. BACKGROUND
Wearable-based tremor assessment. Wearable

accelerometers have been proven to be very effec-
tive in capturing the characteristics of PD rest tremor.
Early approaches initially extracted hand-crafted fea-
tures in either the time or frequency domain. Then,
these features were classified utilizing machine learn-
ing classifiers, like support vector machines and ran-
dom forests [10]. However, machine learning-based
techniquesmay have limited ability to capture longer-
range temporal dependencies in rest tremor epi-
sodes, especially when applied across heterogeneous
real-world settings.

Recently, several works have explored deep learn-
ing frameworks to learn discriminative representa-
tions directly from raw inertial signals. In particular,
Transformer-based methods enable the modeling of
long-range dependencies in continuous motion sig-
nals, which is essential in detecting rest tremor epi-
sodes across diverse everyday tasks.

Wearable-based dyskinesia detection.Dyskine-
sia detection poses several challenges. Dyskinetic
episodes are often rare in comparison to normal
movement, resulting in severely imbalanced data-
sets. Moreover, dyskinesia overlaps with daily activ-
ities, making it difficult to distinguish from normal
motion patterns. In a clinical context, dyskinesia is
most commonly assessed via patient self-reports.

However, patients struggle to reliably recognize
dyskinetic episodes, further complicating the anno-
tation of wearable datasets.

Consequently, traditional approaches based on
fixed heuristic thresholds, or hand-crafted features
perform poorly given the high variability of move-
ment patterns and cross-subject differences. Similarly,
deep learning approaches [11] depend heavily on
addressing extreme class imbalance and prioritizing
low false-alarm rates to avoid undermining clinical
trust in longitudinal IIoMTmonitoring systems.

IIoMT and digital biomarkers for PD. In recent
years, wearable inertial sensors paired with deep
learning have demonstrated strong potential for PD
motor symptom monitoring. However, most meth-
ods address each symptom separately, often focusing
on tremor or bradykinesia while overlooking dyskine-
sia. Moreover, these approaches are based on data
from a single sensor or recording protocol, hindering
generalization across different devices and patient
cohorts. Furthermore, only a few of these approaches
have been integrated into IIoMT systems or clinical
workflows, thus real-world adoption of wearable PD
biomarkers is limited [13]. Motivated by these limita-
tions, we highlight the necessity for a unified frame-
work capable of continuously tracking multiple PD
symptoms, outside the clinical context.

III. SYSTEM OVERVIEW
We implement the proposed system as a three-layer
pipeline that takes raw accelerometer-derivedmotion
signals as input and transforms them into symptom-
specific model outputs that can be aggregated into
clinically interpretable digital biomarkers. The system
comprises (i) a wearable sensing layer, (ii) an edge-
cloud analytics layer and (iii) a clinical interpretation
layer that supports longitudinal tracking of tremor
and dyskinesia. In this work, the symptom-specific
models produce window-level predictions for tremor
and dyskinesia. These outputs constitute the basis of
the proposed digital biomarkers and can be aggre-
gated over time to derive clinically interpretable
summaries, such as tremor severity trajectories or dys-
kinesia burden.

Sensing layer. At the first layer, the system uses a
wrist-worn inertial sensor equipped with a triaxial
accelerometer. Wrist placement is crucial for PD
monitoring, because it captures upper-limb motion
patterns that are informative for both rest tremor and
dyskinesia assessment. Furthermore, wrist-worn devi-
ces remain unobtrusive, enabling scalable deploy-
ment and long-term use in real-world settings.

Accelerometer data can be collected either con-
tinuously during daily activities or within scheduled
assessment windows, such as clinical tasks. Raw sig-
nals are timestamped and securely transmitted to the
analytics layer via standard wireless communication
protocols, including Bluetooth connections to cellular
orWi-Fi gateways.

Analytics layer. Subsequently, data are processed
in the analytics layer, which is responsible for trans-
forming raw sensor signals into symptom-specific
model outputs that can subsequently be aggregated
into clinically meaningful digital biomarkers. To
reduce bandwidth and latency requirements, light-
weight preprocessing operations, such as resampling
and segmentation, can be executed at the edge (e.g.,
on a smartphone). On the other hand, deep learning
inference, which is computationally expensive, is
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executed in the cloud, enabling scalable deployment,
centralized model updates and monitoring across
large cohorts.

The rest tremor and dyskinesia assessment pipe-
lines are implemented using separate but similar
deep learning architectures. This design choice facili-
tates maintainability and deployment within an IIoMT
environment, while allowing each model to focus on
the distinct spatiotemporal characteristics of the cor-
respondingmotor symptom.

Clinical interpretation layer. At the clinical inter-
pretation layer, the model outputs are aggregated
into two symptom-specific digital biomarkers. The
first quantifies rest tremor by capturing both its pres-
ence and amplitude, while mapping directly to the
MDS-UPDRS rest tremor item (normal, slight, mild,
moderate, severe). The second summarizes dyskine-
sia occurrence during daily activities.

Importantly, what makes these measurements
clinically valuable is their longitudinal dimension. By
tracking how rest tremor and dyskinesia evolve over
time, the system enables clinicians to assess disease
progression, medication response and motor compli-
cations beyond isolated and brief clinic visits. This
long-term monitoring is important in PD manage-
ment, as it gives clinicians the ability to distinguish
between symptoms driven by the disease itself or
those induced by long-term treatment. The system
architecture and data flow are summarized in Fig. 1.

IV. DEEP LEARNING PIPELINES FOR TREMOR
AND DYSKINESIA

The proposed system integrates two deep learning
pipelines: a rest tremor detection and amplitude clas-
sification pipeline and a dyskinesia detection pipeline.
The two networks are trained independently to cap-
ture symptom-specific characteristics, yet they follow
the same backbone architecture/flow: (i) signal pre-
processing and windowing, (ii) convolutional feature
extraction, (iii) temporal modeling and aggregation

and (iv) symptom-specific prediction head. Fig. 2 illus-
trates an overview of the proposed system.

Signal preprocessing and data augmentation.
We first resample all accelerometer triaxial signals to
a fixed frequency of 30 Hz and segment them into
overlapping windows of 5 seconds length with
a stride of 1 second. For rest tremor analysis, we also
apply band-pass filtering to isolate rest tremor-
dominant frequency, 3-7.5 Hz.

To improve generalization to real-world variabil-
ity and inter-subject differences, we perform multi-
ple augmentation techniques. More specifically, a)
Gaussian noise is injected to simulate sensor noise,
b) random scaling is applied to account for variabil-
ity in movement intensity, c) the input sequence is
reversed to reduce bias toward temporal ordering,
and d) window permutation is performed to encour-
age invariance to local temporal distortions. These
augmentations are applied probabilistically only dur-
ing training and are disabled during validation and
testing. This strategy is significant for IIoMT applica-
tions, where data variability is present due to factors
like sensor placement and different sensors.

Spatio-temporal feature learning architecture.
Both rest tremor and dyskinesia models employ simi-
lar spatio-temporal networks, designed to explicitly
capture the complex movement dynamics from
accelerometer data. However, we train independent
models for each modality in order to better model
the distinct characteristics of each motor symptom.
We pass eachwindow through a ResNet-18 encoder,
pre-trained by self-supervised learning [14] on the
large-scale UK-Biobank dataset [15]. This large-scale
dataset contains terabytes of real-world wearable sen-
sor data, enabling robust feature extraction.

The ResNet encoder extracts rich embedding fea-
tures that capture local characteristics of raw acceler-
ometer data. Afterwards, we feed these embeddings
into a Transformer encoder to capture temporal
dependencies across the sequence of window-level
embeddings using multi-head self-attention. This
design allows us to model both short-term dynamics

FIG. 1. System overview of the proposed wearable-based intelligent internet of medical things framework for PDmonitoring. Wrist-worn inertial sensors
continuously capture upper-limb motion signals, which are processed within an edge-cloud analytics layer to generate symptom-specific model out-
puts for rest tremor and dyskinesia. These outputs are subsequently aggregated into derived digital biomarkers and interpreted longitudinally in the
clinical interpretation layer, enabling assessment of motor fluctuations, medication response and disease progression in real-world settings.
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and longer-term temporal structure. To obtain a uni-
fied representation for the entire signal we applymax-
pooling on the Transformer outputs.

Rest tremor detection and amplitude classifica-
tion module. As our final step in the rest tremor
module, we employ a dual-task prediction head to
produce the predictions. More specifically, we pass
the aggregated embeddings through a shared linear
projection layer followed by two separate task-
specific classification heads. The first head is responsi-
ble for predicting the presence or absence of rest
tremor, while the second one classifies the tremor
amplitude according to MDS-UPDRS item 3.17. To
supervise these tasks we use two standard loss func-
tions: binary cross-entropy for tremor detection and
categorical cross-entropy for amplitude classification.
It should be noted that the amplitude loss is com-
puted only when tremor is present, as determined by
the ground-truth.

Dyskinesia detection with contrastive represen-
tation learning. We formulate dyskinesia detection
as a binary classification task under severe class imbal-
ance and employ a symptom-specific training objec-
tive to address this imbalance. Specifically, we use a
class-weighted binary cross-entropy loss to increase
the contribution of positive samples during training.
In addition, we apply a supervised contrastive learn-
ing objective to the latent embeddings produced by
the Transformer encoder, encouraging embeddings
from the same class to cluster together, while pushing
apart dyskinesia and non-dyskinesia representations.

The joint optimization of classification and con-
trastive objectives improves both detection perfor-
mance and representation separability, supporting a

more robust dyskinesia assessment pipeline for real-
world IIoMTmonitoring systems.

V. EXPERIMENTAL EVALUATION
Datasets and experimental protocol. We utilize

the Michael J. Fox Foundation Levodopa Response
Study (MJFF-LRS) dataset to develop and validate
both proposed pipelines. MJFF-LRS contains wrist
accelerometer recordings from PD patients together
with clinical task-level annotations for motor symp-
toms. After excluding participants with missing or cor-
rupted data, the subset used in this study includes 28
participants, of whom 19 are male (67.9%) and 9 are
female (32.1%). We use Days 1 and 4, during which
participants perform repeated clinically assessed labo-
ratory motor tasks with detailed labels. Across all task
instances, the dataset contains 54.02 hours of accel-
erometer recordings. In the rest tremor analysis, we
focus on tasks with minimal voluntary upper-limb
movement, including sitting, standing, sit-to-stand
transitions, stairs up/down and walking, resulting in
20.52 hours of selected recordings. In the dyskinesia
detection task, the MJFF-LRS labels are highly imbal-
anced, with an approximately 9:1 ratio between
non-dyskinesia and dyskinesia samples.

For external validation, we use a subset of the Ver-
ily Study Watch dataset comprising 158 participants,
of whom 73 are male (46.2%) and 85 are female
(53.8%). The subset contains clinician-annotated rest
tremor labels collected during structured clinical visits
according to the MDS-UPDRS rest tremor item.
First, we isolate these clinical visit segments using
timestamped annotation to align sensor data with

FIG. 2. Overview of the proposed deep learning pipelines for rest tremor and dyskinesia assessment. Both pipelines follow a common spatio-temporal
processing backbone consisting of signal preprocessing and windowing, convolutional feature extraction using a ResNet encoder and temporal model-
ing employing a transformer encoder. The rest tremor pipeline employs a dual-task prediction head for tremor detection and amplitude classification,
while the dyskinesia pipeline uses a binary classification head optimized for severe class imbalance.
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clinician-observed rest tremor episodes. Since watch
placement is unknown, we use the mean of scores
fromboth limbs as the ground-truth label. Importantly,
this subset allows us to validate the rest tremor pipe-
line using a different wearable device (Verily Study
Watch) than the one used during training (GENEAc-
tiv), offering an additional layer of external validation.
External validation is limited to rest tremor, as this data-
set includes clinician labels only for tremor assess-
ment. Dyskinesia annotations rely on self-reported
day-level scores, which are inherently noisy and differ
significantly in temporal granularity from the precise,
task-level labels in MJFF-LRS. Consequently, they are
less suitable for validating the proposed dyskinesia
detection pipeline.

We employ a subject-independent split scheme
across all experiments to ensuremodels generalize to
unseen patients, mimicking real-world clinical deploy-
ment. Accordingly, we split the data into training
(70%), validation (10%) and test (20%) sets and pre-
serve class distributions across all sets. Regarding the
performance evaluation, we use weighted precision,
recall and F1-score. Specifically, for rest tremor ampli-
tude classification we also report the Spearman’s
rank correlation coefficient (q).

Training configuration. Building on the pre-
processing described above, both pipelines used a
temporal encoder with 4 attention heads and 2 Trans-
former layers. We trained themodels with SGD using
a learning rate of 0.001 and a batch size of 64. For
the rest tremor pipeline, we trained the model for 35
epochs with the dual detection/amplitude-classifica-
tion objective, setting the amplitude loss weight to 2,
the margin to 2 and the augmentation probability to
0.5. For the dyskinesia pipeline, we trained the model
for 50 epochs using weighted binary cross-entropy
with positive class weight 9, together with supervised
contrastive learning using contrastive loss weight 0.4,
margin 3 and augmentation probability 0.5. We
selected the best checkpoint using the validation set
and evaluated it on the held-out test set.

Performance summary. The rest tremor pipeline
achieved strong and consistent performance across
both the internal and the external validation. As shown
in Fig. 3(A), rest tremor detection test performance
remains stable across datasets, with comparable preci-
sion, recall and F1-score on both datasets (F1 ¼ 0.81
onMJFF-LRS and 0.85 on the Verily StudyWatch data-
set), indicating that the model learns cohort- and

device-invariant rest tremor characteristics. Fig. 3(B)
summarizes the test performance for rest tremor
amplitude classification, demonstrating competitive
performance under cross-device evaluation (F1 ¼
0.69 on internal test and 0.77 on external test data).
Importantly, the Spearman correlation between pre-
dicted and ground-truth rest tremor scores remains
high across all experiments, as illustrated in Fig. 3(C)
(q ¼ 0:78 on internal validation, q ¼ 0:55 on internal
test and q ¼ 0:59 on external test, p < 0:005).

The dyskinesia pipelinewas further analyzed using
per-class metrics and a percentage-normalized confu-
sion matrix, to account for the severe class imbalance
between non-dyskinesia and dyskinesia samples. As
shown in Fig. 4(A), themodel achieves high precision,
recall and F1-score for the No Dyskinesia class, while
dyskinesia detection remains more challenging. On
the test set, the Dyskinesia class reached precision,
recall and F1-score values of 0.48, 0.57 and 0.52,
respectively. Fig. 4(B) shows that the model correctly
identifies 93.2% of No Dyskinesia samples and
57.4% of Dyskinesia samples. These results indicate
that the proposed pipeline can detect a substantial
proportion of dyskinesia samples despite the strong
class imbalance, while also maintaining high perfor-
mance for themajority NoDyskinesia class.

Ablation study.Weperformed a focused ablation
study on the dyskinesia pipeline, since this module
includes the main additional components introduced
to handle sparse positive samples and severe class
imbalance, namely Transformer-based temporal
modeling and supervised contrastive learning. We
compared the full dyskinesia pipeline with variants
removing the Transformer encoder, the contrastive
learning objective, or both components, while keep-
ing the remaining training configuration unchanged.
As shown in Fig. 4(C), the full model achieved the
highest validation and test dyskinesia F1-scores, indi-
cating the best overall balance between precision
and recall for the minority dyskinesia class. Removing
the contrastive objective reduced the test dyskinesia
F1-score from 0.52 to 0.44, while removing the Trans-
former reduced it to 0.45. Removing both compo-
nents led to very high dyskinesia recall but very low
precision, reflecting overprediction of the dyskinesia
class. Overall, these results support the combined use
of Transformer-based temporal modeling and con-
trastive learning for dyskinesia detection under class
imbalance.

FIG. 3. Rest tremor performance across internal and external datasets. (A)Weighted-average test performance for rest
tremor detection on theMJFF-LRS dataset and the verily study watch subset, indicating encouraging cross-dataset
performance. (B) Test performance for rest tremor amplitude classification across the same datasets. (C) Ordinal
agreement between predicted and clinically annotated tremor amplitude, measured using Spearman’s rank correlation
coefficient (q) on internal validation, internal test and external test data, indicating preserved severity ordering under
heterogeneous sensing conditions.

IEEE Internet of Things Magazine � Month 2026 5

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 



VI. DEPLOYMENT AND CLINICAL USE IN
IIOMT ENVIRONMENTS

The proposed framework is designed with real-world
IIoMT deployment considerations in mind. While the
evaluation is conducted in an offline setting, the sys-
tem architecture and processing pipeline account for
practical deployment constraints and clinical usage
scenarios. In this section, we discuss key deployment
considerations and illustrate how the proposed digital
biomarkers can provide meaningful use cases. The
proposed framework is intended to support, rather
than replace, clinician judgment by providing longitu-
dinal summaries of tremor and dyskinesia patterns.

Edge–cloudpartitioning.Anedge-cloud partition-
ing strategy is supported to reduce the volume of raw
data transmission, aswell as the battery usage. Specifi-
cally, lightweight processing steps, such as resam-
pling, windowing or band-pass filtering for the rest
tremor pipeline, are executed on edge devices,
including smartphones or various gateways (e.g., a
home IoT hub, Raspberry Pi device, etc.) paired with
the wearable sensor.

The use of similar deep learning architectures
across both introduced pipelines reduces the imple-
mentation redundancy and facilitates deployment
and maintenance. Deep learning inference of each
symptom is performed through separate model
pipelines to enable parallel or selective execution,
depending on the requirements. For near real-time
symptom feedback, the inference pipeline can also
be deployed on mobile processors with dedicated
neural acceleration hardware. However, model opti-
mization techniques, in particular structured pruning,
would probably be necessary to achieve real-time

performance, due to mobile power and memory
constraints.

Latency and monitoring granularity. The deep
learning pipelines are designed to take into account
the deployment and monitoring requirements. The
use of sliding windows enables configurable monitor-
ing granularity. For instance, increasing the overlap
between consecutive windows provides finer tempo-
ral resolution at the cost of increased computation,
while reducing overlap lowers energy consumption.
This flexibility allows the system to specifically adapt
to different use cases, such as continuous daily moni-
toring or scheduled clinical assessments.

Privacy, security and data governance. In the
context of privacy, we use accelerometer data, which
are less sensitive than audio or video streams and
avoid direct identification. Nevertheless, secure trans-
mission and storage are important. In this regard, the
proposed system supports encryption during data
transfer and access control at the cloud layer. Further-
more, storing the derived digital biomarkers instead
of the raw sensor streams for long-term storage
reduces privacy risks.

Clinical monitoring scenarios for motor fluctua-
tions. From a clinical perspective, the longitudinal
and joint monitoring of rest tremor and dyskinesia
provides objective insights into how motor state
evolves over time and its correlation with medication
intake. This further enhances the interpretation of
disease progression, treatment effects and motor
complications in real-world settings, where symptom
dynamics are difficult to assess through occasional
clinic visits alone. Such summaries can help clinicians
review symptom fluctuations in relation to medica-
tion timing, although their effect on clinical decisions

FIG. 4. Dyskinesia detection performance under class imbalance and component ablation. (A) Validation and test
precision, recall, and F1-score for the no Dyskinesia and Dyskinesia classes. (B) Percentage-normalized confusion
matrix on the test set. (C) Ablation study of the dyskinesia pipeline, reporting validation and test precision, recall, and
F1-score for the Dyskinesia class across model variants.
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has not yet been evaluated. To illustrate this potential
use case, Fig. 5 presents a conceptual within-day
monitoring view that combines rest tremor ampli-
tude, dyskinesia probability and medication timing.
The figure illustrates a possible IIoMT dashboard visu-
alization and is not directly derived from the evalua-
tion datasets.

Differentiating disease and treatment effects.
Rest tremor severity in PD is associated with disease
state and is often responsive to levodopa therapy. In
contrast, dyskinesia constitutes a side effect of levo-
dopa treatment and higher individual levodopa doses
are associated with an increased risk of dyskinesia.
Thus, tracking both symptoms simultaneously can be
beneficial for clinicians, as it may help differentiate
insufficient medication benefit from excessive dopa-
minergic stimulation and support more targeted clini-
cal review.

Longitudinal monitoring and dose optimization.
In the proposed IIoMT system, digital biomarkers can
be visualized longitudinally to provide clinicians with
useful insights on possible symptom patterns across
weeks, months or years, such as wearing-off tremor
prior to scheduled doses or consistent dyskinesia
presence during peak-dose windows. Fig. 6 illustrates
this longitudinal interpretation scenario usingmonthly
summaries of daily rest tremor amplitude and dyski-
nesia burden, shown as a conceptual example of
how digital biomarkers can be presented in a clinical
dashboard. Such trends could support clinician
review of medication dose and timing by providing
additional context on the balance between rest
tremor severity and dyskinesia occurrence. These
insights may be particularly useful in advanced stages
of PD, where motor fluctuations become more pro-
nounced and assessment during clinical visits may be
less informative.

Supporting personalized care. In addition to
medication management, the proposed system can
also provide meaningful feedback for personalized
care by identifying specific activities or times of day
when symptoms get worse. Furthermore, it can also
be combined with information about daily activities
or sleep to support more complete and patient-
focused care, aiding clinicians to create treatment
plans tailored to each PDpatient.

VII. DISCUSSION
This work demonstrates the feasibility and clinical rel-
evance of jointly monitoring rest tremor and dyskine-
sia within a IIoMT framework. The proposed system
treats the derived rest tremor and dyskinesia summa-
ries as complementary digital biomarkers rather
than isolated model outputs, to better capture the
dynamic and complex nature of PD motor fluctua-
tions and support the clinical assessment of disease
progression and medication efficacy or side effects.
The framework provides a flexible basis for IIoMT-
based symptom monitoring; however, its clinical util-
ity remains prospective and requires evaluation with
clinicians and assessment within clinical workflows.

The rest tremor pipeline shows encouraging
cross-dataset performance across different cohorts
and devices, highlighting the capabilities of deep
learning-basedmethods for wearable PDmonitoring.
The dyskinesia detection pipeline uses classweighting
and contrastive learning to address severe class imbal-
ance, which is important in long-termmonitoring.

Despite these strengths, challenges remain. First,
the dyskinesia evaluation relies on a single dataset
and does not include external validation. Second, the
scarcity of intense rest tremor incidents and dyskinetic
episodes may limit model sensitivity to more severe
motor symptoms. Future work should validate the

FIG. 5. Illustrative within-day symptom trajectories andmedication context. (A) Rest tremor amplitude estimate over a
24-hour period. (B) Dyskinesia probability estimate over the same period; the dashed line indicates a nominal decision
threshold. (C) Conceptual medication dosing times (vertical markers) and expected on-medication windows (shaded
regions) used to support clinical interpretation of wearing-off and peak-dose patterns. This figure is illustrative and not
derived from the evaluation datasets.
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dyskinesia pipeline on independent datasets with
reliable time-resolved dyskinesia annotations and
improve sensitivity and clinically meaningful inter-
pretability. Incorporating additional modalities during
training only, without increasing inference complex-
ity, may also improve representation learning and
robustness. Overall, these biomarkers are naturally
suited to produce longitudinal summaries for clinician
review of motor fluctuations without increasing
patient burden.

VIII. CONCLUSION
In this article, we present a deep learning-based
IIoMT framework for wearable-based monitoring
of PD motor fluctuations, integrating rest tremor
detection and amplitude classification with dyski-
nesia detection.

Evaluation on both the MJFF-LRS dataset, as well
as with external validation of the rest tremor pipeline
on the Verily Study Watch dataset demonstrates the
potential of the proposed framework for clinically
meaningful longitudinal assessment under realistic
conditions. By jointly capturing tremor and dyskinesia
dynamics, the framework provides data-driven insights
into medication response and motor complications,
illustrating how deep learning–driven wearable analyt-
ics could be embedded within IIoMT ecosystems to
support personalized PDmanagement.

Future work will focus on improving model sensi-
tivity and efficiency through weakly supervised learn-
ing approaches, includingMultiple Instance Learning,
while extending validation through external dyskine-
sia evaluation and clinical studies assessing the impact
of the proposed biomarkers on treatment review and
medication-response assessment.
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