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Abstract

Parkinson’s Disease (PD) is the most rapidly increasing neurological condition in
the world. One of its most debilitating symptoms is postural instability, which
causes the loss of balance reflexes and consequently an increased fall risk. Among
many scales, it can be clinically evaluated using the MDS-UPDRS (Movement
Disorder Society — Unified Parkinson’s Disease Rating Scale) Item 3.12 score, which
ranges from 0 (stability) to 4 (severe instability).

Many works have explored PD motor symptoms using IMU (Inertial Measure-
ment Unit) sensor data, but postural stability is addressed in far fewer studies
compared to gait or tremor. Moreover, existing studies on this topic evaluate their
models on a single dataset, due to the high costs of clinical data collection.

This study addresses these gaps following a cross-dataset approach. Three
heterogeneous datasets are combined (Kiel, OmniaPark, and WearGait-PD), for a
total of 149 subjects performing 2 tasks (stance and walk). For all studies, only
data collected from a single IMU on the lower back (accelerometer and gyroscope)
were leveraged in this work and MDS-UPDRS Item 3.12 scores were used as labels.

A pre-processing pipeline harmonizes the datasets, followed by a windowing
strategy that addresses class imbalance. Latent features are then extracted from
windows using an encoder architecture. Specifically, a supervised CNN-GRU (Con-
volutional Neural Network-Gated Recurrent Unit) classifier and a self-supervised
masked autoencoder are trained and compared. Later, latent statistics are derived
to obtain a patient-level aggregation and an additional set of handcrafted clini-
cal features is concatenated. This final vector of 46 features is fed into a binary
classifier: patients whose MDS-UPDRS Item 3.12 is 0 are labeled as stable, all
other values (1,2,3,4) as unstable. Several machine learning models are then com-
pared: Random Forest, Gradient Boosting, Support Vector Machine and Logistic
Regression.

Additionally, two domain adaptation strategies, Correlation Alignment (CORAL)
and mean-shift Maximum Mean Discrepancy (MMD), are applied to the resulting
feature vectors and a dedicated domain classifier is used to quantify domain shift
before and after adaptation.

Without domain adaptation, the best models reach a ROC-AUC (Receiver Op-
erating Characteristic Area Under the Curve) of 0.85 for both the supervised clas-
sifier and the masked autoencoder encoder. After domain adaptation, performance
improves substantially: with CORAL the best configuration reaches an AUC of
0.97. A key finding is that the self-supervised masked autoencoder achieves per-
formance comparable to the supervised encoder, suggesting that unlabeled IMU
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data can be effectively leveraged. The domain classifier experiment shows that
baseline features are strongly domain-separable (accuracy 0.88-0.97), while both
CORAL and MMD effectively reduce this shift. CORAL removes domain informa-
tion more aggressively than MMD, but both methods improve task performance
over the baseline. These results demonstrate that cross-dataset postural instability
classification in PD is feasible with a single lumbar sensor, and that feature-level
domain adaptation is an effective strategy to improve generalization across het-
erogeneous clinical datasets.
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Chapter 1

Introduction

1.1 Parkinson’s Disease

Parkinson’s Disease (PD) is the most rapidly increasing neurological condition in
the world [42]. It was first described in detail in 1817 in James Parkinson’s Essay
on the Shaking Palsy [41], in which he characterized six cases of patients that had
developed a disorder of tremor, slowed movement, and gait disturbance. Many
other non-motor symptoms, such as mood disturbance, sleep dysfunction, auto-
nomic dysfunction, cognitive deficits, dementia, and neuropsychiatric symptoms
can manifest.

PD is pathologically defined by loss of nigrostriatal dopaminergic innervation,
although neurodegeneration also involves cells located in other regions of the neu-
ral network. Other processes, such as mitochondrial dysfunction, defective protein
clearance mechanisms, and neuroinflammation, have also been linked to PD, but
the way these factors interact is still not fully understood. Macroscopically, the
brain of a PD patient is characterized by atrophy of the frontal cortex and, in
some cases, ventricular dilation. Exact causes remain unknown but both genetic
and environmental factors have been demonstrated to play a role. As an exam-
ple, cigarette smoking and caffeine consumption counterintuitively reduce the risk
of developing PD. On the other hand, pesticides, herbicides, and heavy metals
exposure has been shown to increase the risk of developing the disease. More-
over, although PD is generally an idiopathic disorder, there is a minority of cases
(10 — 15%) that report a family history [35].

The disease is very common and increasingly spreading, with 0.13 million inci-
dent cases worldwide in 2021, which increased by 220.07% compared to 1990 [36].
Today, in Italy, about 250,000 people are affected by PD, of which 10% are under
50 [42].

It is characterized by four main motor symptoms: bradykinesia, rest tremor,
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Introduction

rigidity, and postural instability [35, 55]. Bradykinesia, defined as a generalized
slowing of voluntary movement, is the most limiting feature, as it progressively af-
fects the patient’s ability to perform everyday tasks such as writing, dressing, and
walking [55]. Rest tremor, typically occurring at 46 Hz and most visible in the
hands, diminishes when the patient intentionally moves the affected limb. More-
over, it is absent in approximately one-third of cases and should not be confused
with essential tremor, which behaves in the opposite manner [35]. Rigidity refers
to an abnormal increase in muscle tone that resists passive joint movement uni-
formly in all directions. It produces the typical “cogwheel” phenomenon, a type of
stiffness in which a limb reacts with jerks during attempted movement [55]. Pos-
tural instability emerges later in the disease course and occurs in 16% of patients
[28, 45]. It is caused by a failure of automatic postural reflexes: patients become
unable to correct unexpected perturbations to their balance. As the disease pro-
gresses, postural instability worsens and often leads to falls [7, 30], which occur in
nearly 60% of PD patients [43], and about 75% of the total hospitalizations in PD
patients are attributed to falls or fractures [15]. In the advanced stages, gait may
also be affected by the disease.

Beyond motor signs, PD involves a variety of non-motor symptoms that af-
fect the large majority of patients and, in many cases, precede the motor ones
[55]. This pre-diagnostic window is referred to as the prodromal phase and is
characterized by symptoms such as loss of smell, sleep disorders, and constipa-
tion. These symptoms have been linked to early neurodegeneration in extranigral
structures before dopaminergic cell loss in the substantia nigra becomes clinically
evident [35, 55]. Over the course of the disease, patients sometimes also develop or-
thostatic hypotension, dysphagia, depression, anxiety, cognitive impairment, and
hallucinations [35]. These non-motor symptoms contribute substantially to the
reduction in quality of life and represent a major driver of hospitalization and care
costs [55].

The diagnosis of PD is based on clinical criteria aimed at assessing the pres-
ence of bradykinesia and other symptoms such as rigidity and/or tremor. Despite
advances in the fields of neuroimaging, genetics, and biomarkers, the accuracy of
clinical diagnosis of PD has been suboptimal, especially in the early stages of the
disease or in the presence of signs of atypical parkinsonism. The current standard
for the assessment of PD is the clinical examination of patients while performing
specific tasks, such as walking or sitting, using semi-quantitative rating scales to
measure disease progression.
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Introduction

1.2 Clinical Assessment of Postural Stability

The assessment of postural stability in PD is carried out through a set of standard-
ized clinical scales and tests aimed at evaluating the patient’s ability to maintain
and recover upright posture. Postural instability is a particularly disabling motor
symptom, strongly associated with falls and loss of independence, so its quantifi-
cation is fundamental both to stage disease severity and to monitor therapy [6, 39].
A brief overview of the most commonly used clinical scales is provided below.

MDS-UPDRS Item 3.12. Movement Disorder Society—Unified Parkinson’s
Disease Rating Scale (MDS-UPDRS) [25] is one of the global standards for evalu-
ation and monitoring of PD. The scale consists of 50 total questions divided into
four distinct parts, including evaluations from both clinicians and patients. Part
1T specifically refers to Motor Examination and postural stability is assessed by
Item 3.12 through the Pull Test or Retropulsion Test [25]. The examiner stands
behind the standing patient, warns them that a pull is about to be applied, and
then delivers a quick, forceful backward tug on the shoulders. The examiner ob-
serves and scores the corrective postural response on an ordinal scale from 0 to 4

[25]:
e 0 — Normal: no problems; recovers with one or two steps.
o 1 — Slight: 3-5 corrective steps but recovers unaided.
e 2 — Mild: more than 5 steps but recovers unaided.

e 3 — Moderate: stands safely but shows no postural response; would fall if not
caught by the examiner.

e 4 — Severe: very unstable; tends to lose balance spontaneously or with only a
gentle pull.

Despite its widespread adoption, the Pull Test has several limitations. First,
subjects can prepare for the sudden movement, reducing the apparent severity of
their deficit. Second, examiners apply the pull force with variable magnitude and
duration, making comparisons difficult. Finally, the rating scale collapses several
different responses into a single categorical score, so the test can fail to capture
early postural instability [32, 49].

Hoehn and Yahr Scale. The Hoehn and Yahr (H&Y) scale [31] is another
standard global staging system for PD and is particularly relevant to postural
stability because the emergence of impaired postural reflexes defines Stage 3. The
scale ranges from Stage 1 (unilateral involvement only) to Stage 5 (wheelchair- or
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bed-bound), with the key postural transition at Stage 3: “bilateral disease; mild
to moderate disability with impaired postural reflexes; physically independent”
24, 49].

Reaching Stage 3 has a specific relevance: patients at this stage show increasing
MDS-UPDRS motor scores, greater cognitive decline, and significantly higher fall
risk [24]. For this reason, the H&Y scale is frequently used together with the
Pull Test score as a stratification variable in wearable sensor studies of postural
instability [6, 49].

The H&Y scale has moderate inter-rater reliability but it has two main limita-
tions for postural assessment. First, it focuses primarily on lower-limb and balance
impairments and, second, a single scoring stage covers a wide range of severity [24].

Berg Balance Scale. The Berg Balance Scale (BBS) [5] is a measure of func-
tional balance, divided into 14 items. Each item evaluates a specific functional
balance task (e.g., sitting-to-standing, turning 360°, or single-leg stance) using in-
creasingly difficult stances and visual conditions. Items are scored from 0 (unable
to perform) to 4 (normal performance), resulting in a total score in the range 0-56.

The BBS has been validated in PD patients, showing good reliability and strong
correlations with other balance and disability measures [20]. Scores below 45 are
generally associated with an increased risk of falling [20].

Table 1.1 summarizes the three scales described in this section. They address
different aspects of postural instability: the Pull Test evaluates postural reflexes,
the H&Y scale contextualizes instability within disease progression, and the BBS
quantifies functional balance performance. The main common limitations are being
ordinal, observer-dependent, and assessed at a single time point in a controlled
setting.

Scale Domain Range Limitations

MDS-UPDRS Postural reflex 04 Subjects can anticipate the pull;

Item 3.12 (Pull Test) variable examiner force; insensi-
tive to early instability [32, 49]

Hoehn & Yahr Global staging 1-5 Focused on lower-limb impair-

ment; wide severity range within
a single stage [24]
Berg Balance Functional bal- 0-56 Scores <45 associated with in-
Scale ance creased fall risk; assessed in a
controlled setting [20]

Table 1.1: Clinical scales for postural stability assessment in PD.
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1.3 Technological Approaches to Postural Sta-
bility Assessment

A variety of instrumental technologies have been developed to perform the clinical
assessment of postural stability.

First, camera-based systems assess posture and movement, capturing either
two-dimensional angles from standard video or three-dimensional pose from depth
cameras. A photograph or short video clip is used to measure trunk flexion angles
with respect to anatomical landmarks [3, 54]. This approach has several advan-
tages: patients are not required to wear any kind of device and it can capture
dynamic changes during prolonged or walking tasks [3]. Nonetheless, it requires
adequate lighting and zoom conditions and it is computationally expensive to pro-
cess [3].

Second, optoelectronic systems use multiple calibrated infrared cameras (typi-
cally 6 or more) to track the 3D coordinates of passive or active reflective markers
placed on the subject’s body segments. A biomechanical model then reconstructs
full-body kinematics from the recorded marker trajectories [2, 17]. They are con-
sidered the gold standard for motion analysis [2, 17], but are very costly, require
controlled laboratory settings and are not deployable for home monitoring [2, 23].
Third, force platforms are an established method for assessing postural sway: they
measure reaction forces and moments applied by the feet, from which the trajectory
of the Center of Pressure (COP) is computed. COP displacement is then used to
derive parameters such as total sway path length, mean sway velocity, sway area,
and frequency-domain features [6, 23]. Force platforms are widely used in both
research and clinical settings and do not require patients to wear any hardware
[6, 23], but they are heavy, expensive, and cannot assess postural responses during
motion or activities of daily living [23, 47].

Finally, Inertial Measurement Units (IMUs) are wearable sensing devices capa-
ble of measuring the motion of a body in three-dimensional space. A complete IMU
unit typically integrates three types of sensors: a triaxial accelerometer, a triaxial
gyroscope, and, sometimes, a magnetometer. The accelerometer measures lin-
ear acceleration in a sensor-fixed frame, capturing both motion dynamics and the
gravitational component. The gyroscope measures angular velocity around three
orthogonal axes, providing orientation information. The magnetometer measures
the local magnetic field vector and is used to correct heading drift in the orientation
estimate [23].

Modern IMUs are built on Microelectromechanical Systems (MEMS) technol-
ogy, which enables the fabrication of microscopic mechanical and electronic com-
ponents on a single chip [18]. The microscopic scale of MEMS components is used
for wearable devices with small form factor, low weight, low power consumption,

16



Introduction

and low unit cost. Such characteristics make them perfectly suited for applications
in both clinical and everyday monitoring contexts [18, 23].

Sensors can be secured to virtually any body segment using elastic straps or
Velcro bands, and the number and location of sensors are determined by the specific
clinical question [23, 56]. In PD research, the lower back at the lumbar level is one
of the most widely adopted sites for postural and gait assessment, while multi-
sensor configurations additionally include the chest, shanks, ankles, and wrists
8, 49, 56].

Moreover, the integration of wireless data transmission into IMU systems en-
ables continuous monitoring of patients in daily living conditions. On the contrary,
laboratory measurements taken in a hospital setting may not reflect the patient’s
typical motor function [18, 47].

Table 1.2 summarizes and compares the principal technologies for postural sta-
bility assessment. Compared with camera-based systems, optoelectronic setups,
and force plates, IMUs have higher portability, lower cost, and ability to capture
postural data across a wide range of tasks and environments. These properties
make IMUs particularly well-suited to continuous, long-term monitoring of postu-
ral instability in PD, which is the focus of this work.

Feature Video / Camera Optoelectronic Force Plate IMU
Cost Low—Med High Med-High Low
Portability Limited None None High
Ambulatory use No No No Yes
Contact-free Yes Yes Yes No
3D kinematics Partial Full Indirect Yes
Dynamic tasks Yes Yes Partial Yes
Home monitoring No No No Yes
Setup complexity Medium High Low Low

Table 1.2: Comparison of principal technologies for postural stability assessment.

1.4 Motivation and Challenges

Currently, the combination of technologies such as wearable devices and artificial
intelligence offers several possibilities in medical diagnostics, and in particular for
the evaluation of many PD symptoms. The use of these technologies can help
overcome the drawbacks of traditional monitoring, such as the lack of objective
evaluation.

Machine Learning (ML) and Deep Learning (DL) have been increasingly ap-
plied to wearable IMU data for the objective assessment of motor symptoms in
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PD. Classical ML approaches, such as Support Vector Machine (SVM) and Ran-
dom Forest (RF'), work on features extracted from inertial signals and have shown
promising results in tasks including gait analysis, tremor quantification, and postu-
ral stability scoring [44, 47]. More recently, DL architectures such as Convolutional
Neural Networks (CNNs), Gated Recurrent Units (GRUs), and their combinations
have shown the ability to learn relevant representations directly from raw signals
and have achieved competitive performances in several PD motor assessment tasks
(33, 47].

Despite this progress, it is still difficult to use these findings in actual patient
care. First, even if some datasets for PD motor assessment are available, they
are usually limited in size and diversity, because collecting data is expensive and
scoring requires expert neurologists [1, 4, 11, 26, 46]. Moreover, strict data privacy
regulations limit sharing across institutions [1]. As a consequence, most models
are trained and evaluated on a single and often small dataset, while only few
leverage more than 100 subjects [47]. Second, a consistent cross-dataset general-
ization gap has been documented: models that achieve high performance within
a single dataset show significantly lower accuracy when tested on data collected
with different sensor configurations, body placements, or recording protocols [48].
Third, postural stability has received considerably less attention than other PD
motor symptoms such as gait and Freezing Of Gait (FOG): a recent survey found
that only a few studies have specifically targeted the pull test using IMU data,
compared to the larger number of works on gait and tremor analysis [47, 49].
This work addresses these challenges by developing a cross-dataset approach for
postural instability assessment.
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Chapter 2

Related Work

2.1 Wearable Sensor Data for Motor Symptoms
Assessment

Wearable IMUs have become one of the most widely used tools for the objective
assessment of motor symptoms in PD, since they are suitable for both clinical and
home settings, where continuous monitoring of patients during daily activities is
increasingly needed [18, 53]. These sensors can provide a detailed description of
body movement, which can be directly related to the motor impairments of PD
[23]. The sensor placement depends on the motor symptom of interest. For gait
analysis, sensors are typically attached to the feet, shanks, or lower back. For
postural assessment, the lower back at the lumbar level is the most widely used
location, as it lies close to the body’s center of mass and captures the overall
trunk movement [23]. For tremor and bradykinesia, wrist-mounted sensors are
more common. Multi-sensor configurations cover several body segments and can
therefore provide additional information on motor impairment, but complexity
increases and patient compliance reduces [53]. One important limitation of clinical
data collected with IMUs is the variability introduced by differences in sensor type,
sampling frequency, and recording protocol across studies and institutions. These
differences make it difficult to combine data from multiple sources or to apply
a model trained on one dataset directly to another [48]. This is a fundamental
challenge that motivates the use of domain adaptation methods, discussed later in
this chapter.

2.2 Feature Extraction from Inertial Signals

The majority of IMU-based studies on PD in literature relies on handcrafted
features extracted from raw signals before training a classifier. These features
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can be divided into three main categories: time domain, frequency domain, and
amplitude-power domain. Time domain features are computed directly from the
signal samples. Common examples include the Root Mean Square (RMS) of the
acceleration, signal range, peak and trough values, standard deviation, skewness,
kurtosis, and entropy-based measures [23, 49]. Frequency domain features describe
the distribution of signal power across frequency bands. For postural assessment,
slow sway frequencies between 0.1 and 0.5 Hz are particularly relevant [23]. Fea-
tures such as peak power frequency, centroidal frequency, and the ratio of power
in specific bands to total power have been shown to discriminate between different
levels of postural impairment [49]. As an example, Smith et al. [49] computed a
total of 60 features from accelerometer signals recorded during the pull test, find-
ing that frequency-based features achieved the highest classification performance,
with two features (chest-to-lumbar maximum acceleration ratio and 8-12 Hz to
total acceleration power ratio) reaching a Receiver Operating Characteristic Area
Under the Curve (ROC-AUC) of 0.95.

Wearable sensors typically produce a significant number of potential features,
not all of which are useful for a given clinical task. This makes feature selection an
important preprocessing step. Common approaches include filter methods based
on statistical tests, wrapper methods such as sequential forward selection, and di-
mensionality reduction with Principal Component Analysis (PCA) [50]. Sotirakis
et al. [50] showed that a random forest regressor, combined with PCA, could track
the longitudinal progression of PD motor symptoms from walking and standing
tasks, using features extracted from six IMUs.

Despite the success of handcrafted features, their definition and extraction is
time-consuming and requires domain expertise. As an alternative, DL approaches
have been investigated to learn relevant representations directly from the raw
signal.

2.3 Machine Learning and Deep Learning for Mo-
tor Symptoms

ML and DL methods have been applied to IMU data for a wide range of PD motor
assessment tasks, including gait analysis, tremor quantification, FOG detection,
and bradykinesia scoring. Sigcha et al. [47] reviewed and analysed 69 studies that
combined wearable sensors and DL for PD. Inertial sensors represented the most
widely adopted modality and CNNs were employed in more than half of the stud-
ies. More than 50% of the works focused on gait impairments and tremor, while
postural instability, bradykinesia, and rigidity received considerably less attention.
This distribution reflects the relative availability of labeled data and the difficulty
of instrumenting certain clinical tests. Classical ML approaches, such as SVMs and
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RFs, are still widely used when working with handcrafted features, since they are
simple to train, interpretable, and effective when the number of samples is limited
[47, 50]. However, they require manual feature design and may not capture the full
complexity of the inertial signal. On the other hand, DL models learn hierarchi-
cal representations directly from the raw data. CNNs are particularly effective at
extracting local temporal patterns from time series, while recurrent architectures
such as Long Short Term Memory (LSTM) and GRU are leveraged to capture
longer temporal dependencies. Hybrid architectures that combine convolutional
and recurrent layers have shown strong performance on balance and activity recog-
nition tasks. Kim et al. [33] proposed a model with two 1D-CNN heads and one
GRU head for automatic scoring of the Berg Balance Scale from IMU signals.
They achieved 98.4% accuracy across 14 balance tasks. The main finding was that
mixing convolutional and recurrent blocks resulted in better performance than ei-
ther architecture used alone. This suggests that both local feature extraction and
long temporal dependencies contribute to classification performance. The review
by Sigcha et al. [47] also highlighted a recurrent problem: nearly all studies train
and evaluate their models on a single dataset, and when cross-dataset evaluation
is performed, performance drops significantly.

2.4 Postural Instability: An Underexplored Mo-
tor Symptom

Despite its clinical importance, postural instability is one of the least studied
motor symptoms of PD in the wearable sensor literature. A search of the PubMed
database conducted by Smith et al. [49] found more than 75 studies on gait analysis,
more than 50 on sway or tremor, but only 5 studies that directly used IMU data
to characterise PD using the pull test. This imbalance is likely due to the nature
of the test: gait and tremor are assessed using continuous signals during everyday
activities, while the pull test is very quick, depends on the examiner and needs to
be performed in a clinical setting.

Early work showed the potential of wearable sensors for postural assessment,
without focusing on the pull test. Mancini et al. [37] demonstrated that a single
trunk sensor could detect signs of postural instability in PD even before they were
clinically apparent. Palmerini et al. [40] showed that a small set of accelerometer
features during quiet standing was sufficient to stratify patients by level of postural
impairment. A systematic review covering 47 studies on wearable balance assess-
ment [23] confirmed that the lower back is the preferred sensor location, and that
sway area, jerk index, and spectral power in slow frequencies are among the most
discriminative features for PD populations. The review also noted that virtually
no study had validated its model on an external dataset.
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More recent work has focused on predicting the MDS-UPDRS postural stability
score directly. Borzi et al. [9] used a waist-mounted smartphone during 30 seconds
of quiet standing and trained an SVM on over 400 extracted features. The model
achieved excellent classification accuracy on the available dataset of 42 patients,
but no external validation was performed. Smith et al. [49] focused on the pull test,
leveraging data from 6 sensors and extracting 60 features to separate Hoehn and
Yahr Stage II from Stage III in 30 patients. Two features (chest-to-lumbar max-
imum acceleration ratio and 8-12 Hz to total acceleration power ratio) achieved
a ROC-AUC of 0.95. The study also showed that classification performance did
not worsen when the model was applied to scores from two different examiners,
addressing one source of variability. However, the authors acknowledged that
multi-site validation on larger cohorts is necessary.

2.5 Self-Supervised Learning for Sensor Signals

One of the main difficulties in applying DL to clinical IMU data is the lack of
labeled examples. Collecting labeled data in PD research requires skilled neurolo-
gists to perform and score clinical tests, which is expensive and time-consuming.
Self-Supervised Learning (SSL) addresses this by learning useful representations
from large amounts of unlabeled data before fine-tuning on a small labeled set. A
widely used family of SSL. methods for time series is based on masked reconstruc-
tion. The model is trained to reconstruct portions of the signal that have been
randomly hidden. This forces the encoder to learn a compact representation of
the signal structure that can then be transferred to the target classification task.
Cheng et al. [14] proposed MaskCAE, which applies sparse convolution to process
only the visible parts of the signal during pre-training and then it reconstructs the
masked segments using a decoder. MaskCAE outperformed contrastive learning
baselines on three public Human Activity Recognition (HAR) datasets and was
shown to be highly computationally efficient. Miao et al. [38] extended this idea
to multi-sensor settings with the STMAE model. It applies two stages of masking;:
one at the sensor channel level to simulate missing devices, and one at the time
step level. The model learns to recover both the spatial structure across sensors
and the temporal dynamics within each channel. On four public datasets, STMAE
outperformed other SSL approaches, particularly in settings where some sensors
were absent at test time. This robustness to missing channels is especially relevant
for clinical applications, where sensor failures or changes in recording configuration
are common.
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2.6 Domain Adaptation for Cross-Dataset Gen-
eralisation

When a model is applied to data from a different source than the one used for
training, performance typically decreases. This happens because of differences
in sensor hardware, sampling rates, sensor placement, recording protocols, and
patient populations, which are reflected in the statistical distributions of training
and test features, a problem known as domain shift [48]. Domain adaptation
methods aim to reduce this gap without requiring labeled data from the target
domain. Two well-established approaches are CORrelation ALignment (CORAL)
and Maximum Mean Discrepancy (MMD). CORAL [51] aligns the second-order
statistics of the source and target distributions by applying a linear transformation
to the source features so that their covariance matrix matches the target one.
Sun and Saenko [52] extended this approach to deep networks. They added a
differentiable CORAL loss that can be minimized along with the classification loss
during training to align features. MMD [27] measures the difference between two
distributions by comparing their mean embeddings in a reproducing kernel Hilbert
space. In its simplest linear form, it corresponds to a mean-shift that brings
the source feature distribution closer to the target. MMD is computationally
simpler and generally more stable when the number of samples per domain is
small. Sigcha et al. [48] specifically addressed cross-dataset generalization in FOG
detection. Despite standardizing the signal scale and sampling rate across three
datasets, a model trained on one source generalized poorly to the others. Their
analysis showed that differences in sensor type, body placement, and recording
conditions all contributed to the gap, and that simply training on more data was
not sufficient to close it. This underlines the need for explicit alignment methods.
While CORAL and MMD have been extensively studied in computer vision and
natural language processing, their application to cross-dataset IMU-based postural
stability classification in PD still needs to be explored.

Table 2.1 summaries the studies related to this work, covering IMU-based ap-
proaches for the objective assessment of postural stability in PD. For each study,
the table reports the dataset used (number of subjects and amount of data), the
sensor configuration (number, type and body placement), the experimental proto-
col (tasks and conditions), the clinical target scale, the pre-processing and model-
ing pipeline, the validation strategy, and the main performance metrics.
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2.7 Contributions and Thesis Organization

The literature reviewed above shows three main gaps. First, existing studies on
IMU-based postural stability in PD use a single dataset and their models are not
tested on data from a different clinical site [9, 23, 49]. Second, handcrafted sig-
nal features and deep learned representations have been used separately, but no
study has combined them at the patient level for this specific task. Third, domain
adaptation methods have not been applied to cross-dataset postural stability clas-
sification in PD. This work addresses these gaps, and its main contributions are
summarised in the following:

o A cross-dataset approach that combines three datasets. First, a pre-processing
pipeline is used to create a uniform format. It includes signal filtering, axes
alignment, resampling to a common frequency, and an adaptive windowing
strategy to overcome class imbalance.

o A systematic comparison of two encoder architectures for learning patient-
level representations: a supervised CNN-GRU classifier and a self-supervised
masked autoencoder. Both produce an 8-dimensional latent vector per time
window, which is then aggregated across all windows of a patient.

o A patient-level feature representation that combines the 32-dimensional la-
tent block with 14 handcrafted clinical features (8 from quiet stance, 6 from
walking), for a total of 46 dimensions per patient.

« An ablation study that tests all combinations of four classifiers (RF, Gradi-
ent Boosting Machine (GBM), SVM, Logistic Regression (LR)), four feature
subsets (handcrafted only, latent only, combined, combined with feature se-
lection), and three variants of domain adaptation (no adaptation, CORAL,
mean-shift MMD), across two encoder architectures.

o A domain classifier that predicts the source dataset given the feature vector
of a patient. This gives a direct quantitative measure of domain shift.

e An ordinal analysis of probabilities from binary classification, to understand
whether they convey ordinal information about the MDS-UPDRS scale.

The rest of this work is structured as follows. Chapter 3 describes the datasets,
pre-processing pipeline, and modeling choices. Section 3.1 introduces the three
clinical datasets (WearGait-PD, Kiel, and OmniaPark) and details their common
characteristics that make a cross-dataset approach feasible. Section 3.2 covers the
harmonisation steps, including axes alignment, filtering, resampling, and the adap-
tive windowing strategy used to address class imbalance. Section 3.3 describes the
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two encoder architectures, the patient-level aggregation of latent statistics and
the handcrafted features. Section 3.4 presents the four classical ML classifiers
compared in the ablation study and the feature selection procedure. Section 3.5
discusses domain shift and the adaptation strategies implemented to address it
(CORAL and MMD). Section 3.6 defines the training procedure the evaluation
metrics employed in the work, and Section 3.7 describes the ordinal severity esti-
mation.

Chapter 4 reports the experimental results. Section 4.1 analyses domain shift
before and after adaptation using the domain classifier. Section 4.2 presents the full
ablation study across encoder architectures, feature subsets, domain adaptation
variants, and classifiers. Section 4.3 reports the results of the ordinal estimation
analysis and, finally, Section 4.4 compares the findings of this work with previous
related studies.

Chapter 5 interprets the results and situates them within the existing literature.
It discusses the cross-dataset generalization of the approach, the motivation for the
hybrid architecture, the comparison between the supervised and self-supervised en-
coders, and the contribution of each feature subset. It then analyses the distinct
effects of CORAL and MMD on domain shift and classification performance, pro-
vides a clinical interpretation of the model predictions, and concludes by outlining
the main limitations of the study.

Chapter 6 summarizes the main conclusions and outlines directions for future
research.
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Materials and Methods

This chapter describes the complete methodology, whose overall structure is sum-
marized in Figure 3.1. Three heterogeneous clinical datasets (WearGait-PD, Kiel,
and OmniaPark) are introduced in Section 3.1, retaining only PD patients and
the accelerometer and gyroscope signals of a single lower-back IMU. Because the
datasets differ in hardware, sampling frequency, and axis conventions, Section 3.2
details the pre-processing pipeline that harmonizes the data, including unit and
axes standardisation, outlier removal, filtering, resampling, and an adaptive win-
dowing strategy designed to handle class imbalance. Each window is then con-
verted into a patient-level representation in Section 3.3. Latent features are ex-
tracted by two alternative encoders, a supervised CNN-GRU classifier and a self-
supervised masked autoencoder, aggregated across windows, and concatenated
with a set of handcrafted clinical descriptors. Section 3.4 presents the binary clas-
sification of postural instability, comparing four classical ML models together with
the feature selection procedure. Section 3.5 describes the domain classifier used to
quantify domain shift and explains the adaptation methods employed to counter
it. Section 3.6 defines the training procedure and the evaluation metrics. Finally,
Section 3.7 presents the exploratory ordinal estimation of severity derived from
the binary probabilities.
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Figure 3.1: Overview of the processing pipeline. Abbreviations: IMU = Inertial Mea-
surement Unit; PD = Parkinson’s Disease; MDS-UPDRS = Movement Disorder Society Unified
Parkinson’s Disease Rating Scale; LP = low-pass; BP = band-pass; CNN-GRU = Convolutional
Neural Network—Gated Recurrent Unit; std = standard deviation; CORAL = Correlation Align-
ment; MMD = Maximum Mean Discrepancy; RF = Random Forest; GBM = Gradient Boosting
Machine; SVM = Support Vector Machine; LR = Logistic Regression; ML. = Machine Learning;
Bal. Acc = Balanced Accuracy; F1 = F1 score; AUC = Area Under the Curve; CI = Confidence
Interval; Train/Val/Test = training/validation/test split.
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3.1 Data

This section details the three datasets used in this work, describing sensors, sub-
jects and acquisition procedures.

WearGait-PD. WearGait-PD is a large and open-access dataset designed for
the development of algorithms for gait and balance assessment in PD [1]. Tt was
collected at three clinical sites in the United States and includes data from 100
people with PD (35 female, 65 male; mean age 67 + 8 years) and 85 Healthy
Controls (HCs). Participants performed several gait and balance tasks, including
self-paced walking, hurried-pace walking, walking through a mock doorway, and a
free-walk task. Data were collected at 100 Hz from 13 IMUs (triaxial accelerom-
eter, gyroscope, magnetometer, and orientation) placed on the head, sternum,
wrists, lower back, thighs, shanks, ankles, and dorsal feet. A pressure-sensitive
walkway was used to record foot contact timing and pressure during walking.
Two expert reviewers annotated video frames, indicating general activities, FOG
episodes, and clinically relevant events such as start hesitation. Clinical data, such
as MDS-UPDRS scores, modified H&Y staging, medication state, and deep brain
stimulation status are provided for each participant. The dataset is publicly ac-
cessible via the Synapse platform under a Creative Commons CC BY 4.0 license

[34].

Kiel. The Kiel dataset is a mobility dataset designed to support the develop-
ment and validation of IMU-based algorithms [56]. A total of 167 subjects were
enrolled at the University Hospital Schleswig-Holstein (Campus Kiel, Germany):
43 healthy younger adults (1860 years), 24 healthy older adults (>60 years), 34
patients with PD (mean age 65+ 11 years), 23 who had a stroke, 21 with multiple
sclerosis, 10 with chronic low back pain, and 12 with other neurological move-
ment disorders. Each participant was equipped with at least 15 IMUs (triaxial
accelerometer, gyroscope and magnetometer) placed on the head, sternum, upper
and forearms, pelvis, thighs, shanks, ankles, and feet, recording at 200 Hz (100 Hz
for a subset of 12 subjects). Simultaneously, an optical motion capture system
provided kinematic reference measurements. Participants performed a sequence
of standardized clinical assessments, such as the Timed Up and Go test, 10-meter
walk, and treadmill walking at preferred speed, as well as daily activities. Clinical
data include MDS-UPDRS Item 3 scores, H&Y staging, and the Montreal Cog-
nitive Assessment. 21 HC are openly available, while accessing the other groups
requires a data sharing agreement with the authors [29].

OmniaPark. The OmniaPark dataset was collected as part of the Objective
Monitoring of Axial symptoms in Parkinson’s Disease (OMNIA-PARK) study [22],

29



Materials and Methods

a multicenter, observational protocol aimed at the development and validation
of a technological setup for the objective assessment of axial symptoms in PD
[22]. Data were collected at two Italian Movement Disorders Centers (Turin and
Rome) from 40 PD patients. In the first phase, participants performed gait and
balance tasks in a supervised laboratory setting. Several clinical parameters are
included, such as MDS-UPDRS Item 3 and BBS, along with standard demographic
information.

Kinematic data were collected using the Movit system (Captiks Srl) [13], a wire-
less IMU platform providing triaxial accelerometer and gyroscope measurements.
Seven IMUs were placed on the ankles, lower back, wrists, spine, and head. Raw
signals were resampled to 90 Hz.

Table 3.1 summarizes and compares the main characteristics of the three datasets.
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3.2 Pre-processing

The three datasets used in this work differ significantly in sampling frequency, axes
orientation, and measurement units. The pre-processing pipeline was designed to
produce uniform characteristics to train a single cross-dataset model.

Dataset Integration. The three datasets described above (WearGait-PD, Kiel,
and OmniaPark) share a set of common properties that make a cross-dataset
approach feasible. First, only PD patients with both stance and walking tasks
available were included in the analysis, for a total of 149 subjects (17 from Kiel, 38
from OmniaPark, and 94 from WearGait-PD). Notably, walking recordings include
both gait and turning samples, which are treated equivalently in the following
steps. Second, different datasets employed a variable number of IMUs on various
body parts. In this work, only the sensor located on the lower back was used,
as it represents the most common and clinically motivated placement for balance
and gait analysis in PD [23, 37|. Specifically, only the triaxial accelerometer and
triaxial gyroscope signals from this sensor were employed, for a total of 6 input
channels per time step.

Labels Extraction. The ground-truth label for postural instability was derived
from the MDS-UPDRS Item 3.12 score, which represents the clinical outcome of
the pull test from 0 to 4 [25]. Two different labeling schemes were adopted. In the
binary case, score 0 was mapped to class 0 (no instability), while scores 1, 2, 3, and
4 were mapped to class 1 (instability present). In the four-class scheme, scores 0,
1, and 2 were kept as separate classes (No Instability, Mild, and Moderate), while
scores 3 and 4 were merged into a single Severe class since fewer examples were
present. Figure 3.2 shows the label distribution across the three datasets and in the
merged one, comparing the two schemes. In the binary case, the final distribution
is moderately unbalanced, with 59% of subjects belonging to the class 0 and 41% to
class 1. The imbalance varies between datasets: WearGait-PD is the most skewed
(67% vs. 33%), while Kiel and OmniaPark are more balanced. On the other hand,
the four-class distribution is highly unbalanced, with 23% of subjects belonging to
the Mild class, and only 8% to Moderate and 11% to Severe.

The demographic composition of the merged dataset is summarized in Fig-
ure 3.3. Males are more present in the sample (66%), accordingly to the known
higher incidence of PD in men [36]. The age distribution is centered around 63-65
years, with most subjects falling between 60 and 75 years of age.

Axes and Measurement Units Standardization. Data were collected with
heterogeneous devices and different axis orientations. First, to standardize the
datasets, all signals were converted to common measurement units: ¢ for the

32



Materials and Methods

100% A

80% 1

Subjects (%)

20% 1

0% -

100% -

80% 1

Subjects (%)

20% A

0% -

60% -

40% A

60% 1

40% 1

Binary Label Distribution by Dataset

Kiel Omnia Park WearPD Total
Dataset

EE No Instability I |nstability
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(b) Four-class label distribution (scores 0, 1, 2, and 3-4 merged).

Figure 3.2: Distribution of MDS-UPDRS Item 3.12 labels across the three datasets
under the binary (a) and four-class (b) labeling schemes.
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Figure 3.3: Age (a) and gender (b) distributions of the merged dataset of 149
participants across the three datasets.
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accelerometer and % for the gyroscope. Axes orientations were aligned so that
the z-axis corresponds to the vertical direction (positive upward), the y-axis to
the medio-lateral direction (positive right) and the z-axis to the antero-posterior
direction (positive backward).

Outliers Removal. Outliers removal is performed via a rolling z-score approach.
For each inertial signal channel, a local mean p and standard deviation o are com-
puted over a centered sliding window of 2 seconds and then the z-score is computed
as: z = “F. Samples whose z-score exceeds the threshold |z| > 5 are considered
outliers. This strategy eliminates artifacts caused by sensor disconnections or sud-
den movements while preserving signal shape.

Filtering. Different filtering strategies are applied based on the task. For stance
windows, each channel is filtered with a fourth-order, zero-lag Butterworth low-
pass filter with cut-off frequency at 20 Hz to eliminate high-frequency noise while
retaining low frequency components that may contain useful stability information.
Differently, a fourth-order Butterworth band-pass filter between 0.5 Hz and 20 Hz
is used for walking windows to remove also low frequency drift and the effect of
gravity.

Resampling and Trimming. Polyphase filtering is used to resample all record-
ings to the target frequency of f; = 64 Hz. This value was chosen as a trade-off
between the temporal resolution and computational complexity. Additionally, be-
fore segmentation, the first and final 5% of each recording are trimmed to exclude
non-representative data and ensure that only relevant time intervals are analyzed.

Adaptive Segmentation. The resampled signals are divided into fixed-length
temporal windows of T,, = 5s, using an adaptive segmentation strategy [10] de-
signed to address class imbalance across MDS-UPDRS Item 3.12 values. It is worth
noticing that the scale ranges from 0 to 4, but classes 3 and 4 were aggregated due
to fewer samples, as explained above.

The procedure consists of three phases. First, the baseline number of valid
windows producible from each class is computed using a minimum overlap of d,,;, =
0.5. The majority class is identified and a target window count is set as N* =
| Nmax - 7| The target ratio is set to r = 0.85, meaning that for each class, the
goal is to reach a number of samples corresponding to 85% of the total count of
the majority class. In the second phase, for each class ¢ the overlap required to
reach N* is derived by inverting the relationship:

1— 6min
N*/N,’
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where N, is the baseline window count of class ¢. The resulting value is clipped
to the interval [Omin, Omax] = [0.5, 0.85]. In this way, minority classes are assigned
a higher overlap, increasing the number of extracted windows. Finally, windows
in which fewer than 5% of samples are missing are recovered via cubic polynomial
interpolation fitted independently on each channel, otherwise they are discarded.
In the end, only subjects who have at least one valid window for both task types
(walking and stance) are kept. Each window is represented as a tensor of shape
(320,6), corresponding to T}, - f; = 5 - 64 time steps and 6 inertial channels.

Table 3.2 summarizes the number of windows extracted after the full pre-
processing pipeline. Before applying adaptive segmentation, the class distribution
was highly skewed: 2109 windows for class 0 but only 373 for class 2. After ap-
plying the adaptive overlap strategy, the window counts are substantially more
balanced. The final dataset contains 6998 windows across the four classes. Exam-
ples of stance and walk windows before and after pre-processing are provided in
Figure 3.4. These plots highlight the distinct signal patterns associated with each
activity, as well as the efficacy of the pre-processing steps in removing outliers and
trimming non-representative initial and final sample.

Class Description . Baseline After Adaptation

0 No instability 0.50 2109 2165
1 Mild 0.66 1230 1799
2 Moderate 0.85 373 1241
34 Severe 0.74 916 1793
Total 4628 6998

Table 3.2: Effect of adaptive segmentation on window counts per class.
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(b) Example of a 5s walk window before and after the complete pre-processing pipeline.

Figure 3.4: Example of a 5s window during stance (a) and walk (b) before and
after the complete pre-processing pipeline.
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3.3 Feature Extraction

Subsequently, each pre-processed window is fed into an encoder architecture to
extract an 8-dimensional latent representation. All windows of a patient are then
aggregated using 4 statistics (mean, standard deviation, maximum and slope),
resulting in 32 features. Additionally, 14 handcrafted descriptors are extracted: 8
from stance and 6 from walking windows. Finally, all features are concatenated
in a 46-dimensional patient vector, which is then fed to a classifier for postural
stability assessment.

The dataset is split at the patient level: 60% training (88 subjects), 15% val-
idation (23 subjects), and 25% test (38 subjects) sets, stratified by binary label.
The split is performed before any encoder training to prevent information leakage.
All windows belonging to the same patient are assigned exclusively to one parti-
tion. Prior to feature extraction, each patient’s windows are independently z-score
normalized across channels to mitigate inter-subject amplitude differences.

3.3.1 Latent Features

Two encoder architectures are evaluated as alternatives for latent features extrac-
tion: a supervised CNN-GRU classifier and a self-supervised masked autoencoder.
Both share the same backbone structure and produce an 8-dimensional latent vec-
tor per window. Both architectures leverage the Adam optimizer with learning
rate 1074, gradient norm clipping at 1.0, and a schedule that halves the learning
rate after 10 epochs of patience. Training proceeds for up to 100 epochs with an
early stop strategy based on validation accuracy (patience of 20 epochs), model
check-pointing on the best validation accuracy, and batch size of 64.

Supervised Classifier

The model takes an input tensor of shape (T" x C') = (320 x 6), which represents
a 5 seconds window, sampled at 64 Hz across 6 channels. The goal is to correctly
classify each window according to the MDS-UPDRS Item 3.12 score of the corre-
sponding patient. As explained before, the scale ranges from 0 to 4, but classes 3
and 4 were aggregated.

The complete architecture is shown in Figure 3.5a. Specifically, the first convo-
lutional layer applies 16 filters of kernel size 5, while the second applies 32 filters of
kernel size 3, both followed by batch normalization. The GRU layer has 32 hidden
units and returns a single vector summarizing the full temporal sequence. A single
dropout layer (rate p = 0.4) is applied to the GRU output, before the latent dense
layer, and only during training, to improve generalisation. The bottleneck dense
layer projects to d = 8 dimensions, producing the latent vector. All layers use
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Rectified Linear Unit (ReLU) activation functions. A final softmax dense layer
outputs the final class probabilities for the training task. The model is trained
with sparse categorical cross-entropy loss:

1 4
£CE = _Z Zlogpz-,yi, (32)

=1

where p; ,, denotes the predicted probability of the true class y; for sample <.

Self-Supervised Masked Autoencoder

The model follows the same encoder backbone as the supervised classifier, but it is
a self-supervised architecture, as shown in Figure 3.5b. During training, a random
binary mask is applied independently to each input window: each time step is set
to zero with probability ppa.sc = 0.3. The encoder processes the masked signal
and produces a latent vector of dimension d = 8 applying global average pooling
to the GRU output. A decoder is used to reconstruct the original signal from the
latent vector. It consists of a dense layer that expands the latent vector to 7' x 32
dimensions, followed by a reshape. Two transposed convolutional layers (kernel
sizes 3 and 5 respectively, with stride 1) are then used to progressively reconstruct
the sequence, followed by a final 6-channel convolutional layer that generates the
reconstructed output.

The model is trained to minimize the Mean Square Error (MSE) between the
original and reconstructed signals:

1 N C A 9
Lyse = W Z Z Z ($n,t,c - $n,t,c) ) (3-3)

n=1t=1c=1

where N is the batch size, T is the sequence length, C' is the number of channels,
and z,, ¢ . and &, . denote the original and reconstructed signal values, respectively.

Masking is applied only during training, while at inference time the encoder
processes the original unmasked signal.

Patient-Level Latent Aggregation

After training, the encoder is used in inference mode to extract the 8-dimensional
latent vector from every window. The set of latent vectors corresponding to all
windows of a patient is then aggregated into a fixed-size representation by com-
puting four statistics per dimension: mean, standard deviation, maximum and
ordinary least-squares linear slope. The slope is computed as:

B - ZfV:Nl (i —4) 2

i (i =)

39

(3.4)



Materials and Methods

Input Tensor: 320 x 6
|

ConvlD: F=16, K=5
|

Batch Normalization

|
ConvlD: F=32, K=3

Input Tensor: 320 x 6

Masking: p = 0.3

Encoder Backbone
ConvlD + GRU

Global Avg Pooling

Batch Normalization

|
GRU: Hidden Units=32

|
Dropout: 0.4

Latent Space
d=28

MSE Loss

Dense Expansion
|
Conv1DTranspose: F=32, K=3
|
Conv1DTranspose: F=16, K=5

Y
ConvlD Output: F=6, K=3

Latent Vector
d=28

Softmax: 0,1,2,34+4

(a) Supervised classifier architecture. (b) Autoencoder architecture.

Figure 3.5: Encoder architectures for latent feature extraction. (a) Supervised
classifier trained end-to-end to predict the four-class MDS-UPDRS Item 3.12 score.
(b) Self-supervised masked autoencoder trained to reconstruct randomly masked
input segments (masking probability p = 0.3) via MSE loss.
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where z;; is the j-th latent dimension of the i-th window and i is the mean
window index. This produces a 4 x 8 = 32-dimensional latent feature vector per
patient.

3.3.2 Handcrafted Features

Clinically relevant features are extracted independently for stance and walking
windows [49]. They are then aggregated at the patient level by computing the
mean and standard deviation across all windows of the same task type.

Stance features. Four metrics are computed from each stance window using the
medio-lateral (y) and antero-posterior (z) accelerometer channels, after applying
a band-pass filter between 0.03-1.0 Hz to isolate postural sway dynamics [23, 49].

The kinematic sway area is estimated as the area of the 95% confidence ellipse
fitted to the two-dimensional filtered acceleration signal [9, 23]:

Agway = m-5.991 - \/max(det(ZApyML), 0), (3.5)

where X op v, is the 2 x 2 covariance matrix computed between the filtered antero-
posterior and medio-lateral acceleration vectors.

Lateral dominance tracks directionality and is defined as the ratio of the medio-
lateral variance to the antero-posterior variance [49]:

2
Latgom = —5 M (3.6)
Oap T €

where € = 107® is a small regularization factor to prevent division by zero.

Two spectral power ratios are derived from the discrete fast Fourier transform
spectrum of the medio-lateral channel [9, 49]: Piyay, representing the fraction
of total power falling within the postural sway band (0.1-0.5 Hz), and P emor,
representing the fraction of total power in the tremor band (8-12 Hz). Both are
normalized by the total spectral energy.

Aggregating the mean and standard deviation over all stance windows results
in 4 x 2 = 8 stance features per patient.

Walking features. Three metrics are computed from each walking window [23,
49]. The jerk magnitude uses all three accelerometer channels, while step cadence
variability focuses on the vertical (z) and the dominant frequency on the antero-
posterior (z) component.

The accumulated jerk magnitude is computed from the discrete first derivative
of the triaxial acceleration vector and normalized by the total window duration
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9, 23]:

1 T-1
Jnorm = T Z ||(at+1 - at) : f8||27 (37)
E + € =1

where a, € R? represents the triaxial acceleration sample at time step ¢, T is the
total number of samples in the window, and f, is the sampling frequency.

Step cadence variability is evaluated as the Coefficient of Variation (CV) of the
inter-peak intervals extracted from the vertical acceleration (x) [49]. Peaks are
isolated using a minimum distance constraint of | 0.3 fs| samples and a prominence
threshold of 0.3 0yerticar. If more than one peak is detected, the feature is calculated
as:

U(Atpeaks>

(Atpeaks) + € ’

where Atpeas is the vector of temporal distances between consecutive peaks ex-
pressed in seconds. If one or no peaks are found, Stepcy, defaults to 0.

Finally, the dominant frequency ( fqom) is identified by extracting the frequency
corresponding to the maximum magnitude within the physiological band (0.5—
4.0 Hz) of the antero-posterior acceleration magnitude spectrum [9, 49].

Aggregating the mean and standard deviation results in 3 x 2 = 6 walking
features per patient.

The full patient-level feature vector is obtained by concatenating the latent
block (32 dimensions), the stance block (8 dimensions), and the walking block (6
dimensions), for a total of 46 dimensions.

Stepay = 3.8
ov = (3.8)

3.4 Classification Model

The final patient-level classification task consists of binary prediction of postural
instability: stable (MDS-UPDRS Item 3.12 score 0) versus unstable (score > 1).
The 46-dimensional patient-level feature vector described in Section 3.3 is fed into
four classical ML classifiers. To quantify domain shift, a separate domain classifier
is trained on the same features to predict the dataset of origin. Additionally,
two adaptation methods are implemented to counter this problem and increase
cross-dataset generalization.

Classifiers. Four ML classifiers are compared. First, a RF [12] was employed,
with 50 trees, maximum depth 3, and minimum 3 samples per leaf. Second, a
GBM [21] composed of 50 shallow trees was trained. Then, an SVM [19] model
was used, with Radial Basis Function (RBF) kernel and calibration to obtain soft
outputs for ROC-AUC computation. Finally, LR [16] was chosen as standard for
binary classification. In all models, balanced class weights are applied to overcome
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class imbalance of stable and unstable patients across datasets. The models’ hy-
perparameters were not defined through a structured grid search, most were kept
at their default values. For the tree-based methods, a small number of shallow
trees and a low minimum number of samples per leaf were chosen to avoid over-
fitting, given the limited number of features and subjects. The complete set of
parameters is reported in Table A.1.

Feature Subsets and Selection. Four feature subsets are evaluated for each
classifier. First, the 8 stance and 6 walking descriptors described in Subsec-
tion 3.3.2, are fed separately to the classification models to evaluate their dis-
criminative power. Then, following the same reasoning, the classifiers are trained
only using the aggregated latent statistics extracted from the encoder, presented
in Subsection 3.3.1. Finally, the concatenated vector composed both of latent and
handcrafted features is leveraged. Moreover, because the combined feature vector
has 46 dimensions and the training contains only 88 subjects, Recursive Feature
Elimination (RFE) is applied to reduce the feature space and the risk of overfitting.
Its main parameters are reported in Table A.1.

Before training the classifier, zero-variance features are removed using a variance
threshold filter (02 < 107%), and all remaining features are standardized to zero
mean and unit variance using a scaler fitted on the concatenated training and
validation sets and then applied to the test set.

3.5 Domain Adaptation

Features extracted from different datasets can retain domain-specific properties
due to different hardware, participant demographics, and recording protocols, a
problem known as domain shift. A domain classifier was implemented to measure
this effect in the extracted features: the same 46-dimensional patient-level feature
vectors described in Section 3.3 are used as input, but the target label is replaced
with the source dataset (WearGait-PD, Kiel, or OmniaPark) instead of the postu-
ral instability score. If the classifier achieves high accuracy, it means the features
still carry strong dataset-specific information.

Additionally, to reduce this domain shift at the feature level, two distribution
alignment methods are applied to the 46-dimensional patient feature vectors after
extraction. In both cases, WearGait-PD is used as the target domain, as it is the
largest and most clinically comprehensive dataset in the collection. All alignment
parameters are estimated exclusively on the training set and then applied to the
test set, to avoid data leakage.

Correlation Alignment (CORAL) [52] aligns the second-order statistics of
each source domain s to those of the target domain ¢. The transformation is:
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Fo = (s — ps) CTV2 0 4y, (3.9)

where ps and p; are the source and target feature means, Cs and C; are the
corresponding regularized covariance matrices. This transform whitens the source
distribution and then re-colors it to match the target covariance, while the target
domain is left unchanged.

Maximum Mean Discrepancy (MMD) alignment [27] is implemented
here as a first-order mean-shift. For each source domain s, a constant shift vector
is computed as the difference between the target and source feature means:

Ay = [y — s, (3.10)

and applied additively to all source feature vectors: , = x,+A,. This approach
aligns only the first moment of each source distribution to the target, and is more
robust than CORAL when the number of available training samples per domain
is small.

3.6 Training and Evaluation

Each binary classifier is trained on the concatenated training and validation sets
used by the encoders and evaluated on the held-out test set. The models are
evaluated in an ablation study that compares encoder architecture (supervised
classifier or self-supervised autoencoder), feature subset (latent only, handcrafted
only or combined), domain adaptation strategy (baseline, CORAL or MMD) and
finally the ML classifiers described above.

Additionally, each adaptation variant (baseline, CORAL, and MMD) is eval-
uated independently using the dataset classifier, to directly compare their effect.
The experiment is repeated for each combination of encoder architecture (super-
vised classifier and autoencoder), feature block (Latent, Handcrafted, and Com-
bined), and domain adaptation variant (baseline, CORAL, and MMD). The same
four classifiers used in the main task are employed: RF, GBM, SVM, and LR.

The following metrics are adopted to provide a comprehensive evaluation.

Precision and Recall. Recall (true positive rate) measures the fraction of
actual unstable patients correctly identified, while precision (positive predictive
value) measures the fraction of predicted unstable patients who are actually un-
stable:

TP TP
Precision = ——— l=——. 11
recision TP L 7P Reca TP = FN (3.11)
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where TP, TN, FP, and FN denote true positives, true negatives, false positives,
and false negatives respectively. In the clinical context of postural instability as-
sessment, high recall is especially important to avoid missing patients who require
intervention.

Balanced Accuracy. It represents the arithmetic mean of sensitivity and speci-
ficity:

1 TP TN
Bal d A == A2
alanced Accuracy = (TP TEN + TN n FP) , (3.12)

Unlike standard accuracy, balanced accuracy assigns equal weight to each class
regardless of its prevalence [47].

Macro F1 Score. The unweighted mean of the per-class F1 scores:

fomacro _ 1 3 2 - Precision,. - Recall. (3.13)

2 cefon) Precision. + Recall,.

where precision and recall are computed independently for each class and then
averaged. Macro F1 penalizes classifiers that achieve high performance on only
one class [47].

ROC-AUC. It is computed from the classifier’s soft probability output. ROC-
AUC does not depend on the threshold and measures the classifier’s ability to
rank positive instances above negative ones across all possible decision thresh-
olds. A value of 0.5 corresponds to random performance, while 1.0 means perfect
classification [47].

Precision-Recall Curve. It is computed from the predicted class probabilities
by plotting precision against recall across all possible decision thresholds. Unlike
ROC-AUC, it focuses on the positive class and is particularly informative under
class imbalance, where it better reflects performance on the minority class. The
baseline corresponds to the positive-class prevalence, while a value of 1.0 means
perfect classification.

To obtain reliable uncertainty estimates, a bootstrap procedure with N = 1,000
iterations was applied to the fixed seed-42 test set. Each iteration substitutes a
single randomly chosen sample with another drawn uniformly from the test set. All
Confidence Intervals (ClIs) are reported at the 95% level (2.5""-97.5™ percentiles
of the bootstrap distribution).
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3.7 Ordinal Severity Estimation

The main classification task of this study is binary (Stable vs. Unstable). However,
it can be interesting to assess whether the continuous probability scores produced
by the binary models carry implicit ordinal information about the MDS-UPDRS
Item 3.12 scale (0 = Stable, 1 = Mild, 2 = Moderate, 3-4 = Severe). A simple
exploratory analysis was conducted to address this question. The predicted prob-
ability of instability p € [0,1] from the best model configuration was treated as an
ordinal score. Three thresholds t; < t < t3 were defined to derive the four classes
from score p:

0 1fp<t1
1 ift; <p<t

g={ L n=Peh (3.14)
2 1ft2§p<t3

The thresholds were defined through a grid search using 40 values evenly spaced
over the interval [0.05,0.95]. All configurations satisfying t; < to < t3 were tested
and the corresponding results were evaluated using the balanced accuracy against
the true MDS-UPDRS Item 3.12 values. Balanced accuracy, F1 score, confusion
matrix and probability distributions are reported for the best set of thresholds. It
should be noted that the thresholds are optimized directly on the test set and no
actual training or validation is performed.
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Results

All results reported in this chapter are obtained on a fixed random seed (42), used
to ensure reproducibility. Specifically, the seed controls the train/validation/test
split, the data shuffling, the neural network training, and the initialisation of all
ML classifiers. The test set consists of 38 patients, held out before any training
or feature extraction. Given the limited number of test examples, bootstrap con-
fidence intervals (95%, N = 1000 resamples) are reported for some configurations
to quantify estimation uncertainty:.

4.1 Domain Shift Analysis

As explained in 3.5, a specific domain classifier is used to evaluate domain shift.
Figure 4.1 shows the resulting accuracy for the two encoder architectures, across
all feature blocks and domain adaptation variants. The reported values correspond
to the mean accuracy over the four classifiers. Without any domain adaptation
(Baseline), the domain classifier achieves very high accuracy across all feature
blocks and both encoders, ranging from 0.88 to 0.97. CORAL is the most effective
method at reducing domain separability, providing a reduction in accuracy in the
range 0.43-0.48, which is close to random guessing (33%). MMD also reduces
domain information, but less aggressively, with accuracy in the range of 0.66-0.73.
This pattern is consistent across both encoder architectures and all feature blocks.

The Uniform Manifold Approximation and Projection (UMAP) projections of
the 32-dimensional latent block, shown in Figure A.1, offer a qualitative view of
the same effect measured by the domain classifier. In the baseline setting both
encoders show dataset clustering, which is most evident for the autoencoder, where
the three datasets form clearly separated groups, consistent with the high domain-
classifier accuracy of 0.88-0.97. After CORAL alignment the clusters become less
evident in both encoders, in agreement with the drop in domain-classifier accuracy
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to 0.43-0.48, although some residual structure remains. MMD produces the most
uniform distribution for the autoencoder, while for the supervised encoder CORAL
and MMD yield similarly mixed projections.
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(b) Masked autoencoder encoder.

Figure 4.1: Domain classifier accuracy for each feature block and domain adapta-
tion variant, using features extracted either from the classifier encoder (a) or the
autoencoder (b).
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4.2 Classification Performance

Tables A.2 and A.3 report the complete set of evaluation metrics for all configura-
tions of the supervised classifier encoder and the autoencoder encoder, respectively.
Each row corresponds to one combination of feature subset, domain adaptation
variant, and classifier. Configurations are sorted by ROC-AUC in descending order
within each domain adaptation block. The best value in each column is highlighted
in bold. To summarize the results, Figures 4.2 and 4.3 show the ROC-AUC metric
for all combinations of classifier, feature block, and domain adaptation variant, for
the classifier encoder and autoencoder respectively.

Effect of the Encoder. The two encoders achieve competitive results, as shown
in Figures 4.2 and 4.3. The supervised encoder reaches its best performance using
latent features with CORAL adaptation and LR as classifier (ROC-AUC = 0.972).
The autoencoder achieves its best result using the combined feature set with RFE
and CORAL adaptation, with RF as classifier (ROC-AUC = 0.949). Notice that
the classifier encoder achieves generally higher performance, but its margin over
the autoencoder is small, even though the latter is trained without any labels.

Effect of the Feature Block. Figures 4.2 and 4.3 show that handcrafted fea-
tures alone produce the lowest performance in all configurations, with ROC-AUC
in the range of 0.57-0.74. Latent features provide a large improvement and the best
results is obtained by the classifier encoder combined with CORAL, reaching 0.972.
Combined latent and handcrafted features is beneficial for the final classification
performance, with equal or slightly better results than latent features only. More-
over, the addition of RFE (Combined_ RFE) further improves the results in several
configurations, achieving a maximum ROC-AUC of 0.960 (SVM with MMD) for
the supervised encoder and 0.949 (RF with CORAL) for the autoencoder. Ta-
ble 4.1 reports the features retained by RFE across the six encoder/adaptation
configurations. Latent dimensions are consistently the most represented, while
handcrafted descriptors are chosen differently by the adaptation strategies. In the
Baseline setting only two handcrafted features survive (mean postural-sway power
ratio and mean lateral dominance for the autoencoder; gait-rhythm descriptors for
the classifier encoder). When using CORAL, handcrafted features become more
relevant and sway-area, spectral-power, and gait-variability descriptors represent
half of the selected subset, while under MMD, only a few stance descriptors are
kept.

Effect of the Classifier. No single classifier dominates across all settings, and
the differences between them are generally small, as better described in Tables A.2
and A.3. On handcrafted features all four models perform poorly and close to one
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Encoder Adaptation Handcrafted # Latent
Baseline sway power ratio mean, lateral dominance 13
Autoencoder mean
CORAL sway area mean, sway area std, lateral 8

dominance mean, sway power ratio mean,
sway power ratio std, tremor power ratio
mean, dominant gait freq. std
MMD sway area mean, sway area std, sway 11
power ratio mean, step cadence CV mean

Baseline step cadence CV std, dominant gait freq. 12
Classifier mean, dominant gait freq. std
CORAL sway area std, lateral dominance mean, 10

sway power ratio std, tremor power ratio
mean, dominant gait freq. std

MMD sway area std, sway power ratio std, 11
tremor power ratio mean, step cadence
CV std

Table 4.1: Handcrafted features selected by RFE across all six configurations (15
features total per configuration).

another (ROC-AUC in the 0.67-0.74 range). On the latent and combined feature
blocks, the linear and margin-based classifiers tend to be the most competitive:
LR reaches the best result for the supervised encoder (0.972 on latent features)
and is consistently among the top models for both encoders, while SVM achieves
the highest value with Combined RFE (0.960). The tree ensembles behave differ-
ently across encoders, with RF performing best for the autoencoder (0.949 with
Combined_RFE) but worse for the supervised one, and GBM remains competitive
but never returns the best result.

Effect of Domain Adaptation. Comparing Figures 4.1 with 4.2 and 4.3, it can
be noticed that the effect of domain adaptation on classification performance is
different from its effect on domain shift. CORAL is the most effective at removing
domain information, but this does not always translate into better classification
performance. In some configurations it achieves the highest ROC-AUC: for ex-
ample, the supervised encoder with latent features, CORAL adaptation, and LR
as classifier reaches 0.972. In others, however, it performs similarly to or worse
than the baseline: for instance, using latent features with CORAL and SVM, the
ROC-AUC drops to 0.776, compared to 0.849 without adaptation. MMD shows a
more consistent improvement over the baseline across configurations, particularly
for the autoencoder encoder.

50



Results

ROC-AUC — Classifier encoder

Features: Handcrafted Features: Latent
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Figure 4.2: ROC-AUC across classifiers (RF, GBM, SVM, LR) and feature blocks
for each domain adaptation variant, supervised classifier encoder (seed 42).
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ROC-AUC — Autoencoder encoder
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Figure 4.3: ROC-AUC across classifiers (RF, GBM, SVM, LR) and feature blocks
for each domain adaptation variant, autoencoder encoder (seed 42).
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4.2.1 Bootstrap Confidence Intervals

As explained in Section 3.6, Cls were computed to obtain reliable uncertainty
estimations. The results for the two best configurations (classifier encoder, latent
features, LR classifier and CORAL, and autoencoder encoder, combined features
with RFE, RF classifier and CORAL) are shown below.

ROC Curves. Figure 4.4 reports the mean ROC-AUC curve and its 95% boot-
strap confidence band for each configuration. The classifier encoder, with latent
features, LR and CORAL achieves a ROC-AUC of 0.972 (95% CI [0.962, 0.988]),
while the autoencoder, with Combined-RFE, RF and CORAL yields a ROC-AUC
of 0.949 (95 % CI [0.930, 0.966]). Both curves indicate high true-positive rates at
low false-positive rates, and their confidence bands are quite narrow.

ROC curves with 95% bootstrap ClI (N=1000, 1-substitution, seed-42 test set)

Classifier - Latent - LR - CORAL Autoencoder - Combined-RFE - RF - CORAL

1.0
OIBAJ—/r
(V]
T
o
v 0.6
2
=
e
o 041
>
=
0.2 AUC = 0.972 | AUC = 0.949
’ 95% Cl1 [0.962-0.988] 95% CI1 [0.930-0.966]
P Chance P Chance
0.0+ : : ; ; , ~ , , , : :
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate False Positive Rate

Figure 4.4: ROC curves with 95 % bootstrap confidence bands for the two selected
configurations (N = 1,000 iterations, 1-substitution, seed-42 test set).

Precision-Recall Curves. Figure 4.5 shows the corresponding Precision-Recall
curves. The positive-class prevalence in the test set is approximately 0.42, rep-
resented by the horizontal dashed chance baseline. The classifier encoder, with
Latent features, LR, CORAL configuration obtains an Average Precision of 0.968
(95% CI [0.955, 0.984]). On the other hand, the autoencoder, with Combined-
RFE, RF and CORAL configuration achieves 0.930 Average Precision (95% CI
[0.902, 0.957]).
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PR curves with 95% bootstrap Cl (N=1000, 1-substitution, seed-42 test set)

Classifier - Latent - LR - CORAL Autoencoder - Combined-RFE - RF - CORAL
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Figure 4.5: Precision-Recall curves with 95 % bootstrap confidence bands for the
two selected configurations (N = 1,000 iterations, 1-substitution, seed-42 test set).
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4.2.2 Confusion Matrices and Probability Distributions

Figures 4.6, 4.7, 4.8, and 4.9 show the confusion matrices and predicted probability
density distributions for the top-4 configurations under CORAL adaptation, for
the supervised encoder and the autoencoder respectively. These configurations are
selected as the most informative given their highest overall ROC-AUC.

The confusion matrices show that the best configurations produce very few mis-
classified examples. For the best supervised encoder configuration (latent features,
CORAL adaptation, and LR as classifier) only 2 stable patients are misclassified
as unstable and 1 unstable patient is misclassified as stable, out of 38 test subjects.

The probability density plots show the predicted probability of instability, col-
ored by the original MDS-UPDRS score (0, 1, 2, 3-4). In the best configurations,
the stable class (score 0) is well separated to the left of the 0.5 decision threshold,
while severe cases (score 3-4) concentrate strongly to the right. The intermediate
classes (scores 1 and 2) overlap with each other and partially with the stable class,
which is clinically expected given their borderline nature.

The complete set of metrics for the two best configurations is reported in Table
4.2.

Classifier, Latent, Autoencoder, Combined_ RFE,

Metric LR, CORAL RF, CORAL
ROC-AUC 0.972 0.949
AUC-PR 0.968 0.930
Bal. Acc. 0.923 0.901
Macro F1 0.920 0.894
Precision 0.882 0.833
Recall 0.938 0.938

Table 4.2: Complete set of metrics for the two best configurations (classifier en-
coder, latent features, LR and CORAL, and autoencoder encoder, combined fea-
tures with RFE, RF and CORAL)

Abbreviations: RFE = Recursive Feature Elimination; RF = Random Forest; LR = Logistic
Regression; ROC-AUC = Receiver Operating Characteristic Area Under the Curve; AUC-PR
= Area Under the Precision-Recall Curve; Bal. Acc. = Balanced Accuracy; Macro F1 = macro-
averaged F1 score.

99



Results

Top 4 Models Confusion Matrices - CLASSIFIER_CORAL

LogisticRegression (Latent) LogisticRegression (Combined)
ROC-AUC: 0.972 ROC-AUC: 0.926
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Figure 4.6: Confusion matrices for the top-4 model configurations under CORAL
adaptation — supervised classifier encoder.
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Top 4 Models Probability Density - CLASSIFIER_CORAL

LogisticRegression (Latent) LogisticRegression (Combined)
ROC-AUC: 0.972 ROC-AUC: 0.926

RandomForest (Combined) RandomForest (Latent)
ROC-AUC: 0.889 ROC-AUC: 0.883
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Figure 4.7: Predicted probability density of the predicted instability score for
the top-4 model configurations under CORAL adaptation — supervised classifier
encoder.
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Top 4 Models Confusion Matrices - AUTOENCODER_CORAL

RandomForest (Combined_RFE) LogisticRegression (Latent)
ROC-AUC: 0.949 ROC-AUC: 0.932
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Figure 4.8: Confusion matrices for the top-4 model configurations under CORAL

adaptation — autoencoder encoder.
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Top 4 Models Probability Density - AUTOENCODER_CORAL
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Figure 4.9: Predicted probability density of the predicted instability score for the
top-4 model configurations under CORAL adaptation — autoencoder encoder.
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4.3 Ordinal Severity Estimation

The ordinal severity analysis described in Section 3.7 was applied to the probabil-
ities obtained by the autoencoder architecture, RF model with combined features
selected through RFE and CORAL adaptation. This configuration was chosen
because its probability outputs already appear well calibrated and preserve the
correct ordering of the severity classes, as shown in Figure 4.9.

The thresholds obtained using the grid search approach are as follows:

1 ift;<p<t

g=4 DUSPShy 051 4y =063, ty = 0.67. (4.1)
2 1ft2§p<t3
3 ifp>t

Figure 4.10 shows the probability distribution per true severity class and the
normalized confusion matrix. The four classes separate along the probability axis,
with mean scores of 0.35+0.14 (Stable), 0.564+0.07 (Mild), 0.7440.08 (Moderate),
and 0.77+0.06 (Severe). This ordering suggests that the learned feature implicitly
carry disease severity information.

The four-class classification achieves a balanced accuracy of 0.761 and a Macro
F1 of 0.724. Stable (Class 0) and Severe (Class 3) patients are classified with high
recall (91% and 100% respectively), reflecting the strong separation of the two
extremes of the severity spectrum. Mild patients (Class 1) achieve 80% recall, with
10% misclassified as Stable and 10% as Severe. Moderate patients (Class 2) show
33% recall, with 67% misclassified as Severe. However, this result is statistically
unreliable given the very small sample size (n = 3).
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Confusion Matrix

Probability density per true class
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(a) Confusion matrix. (b) Probability density per true class.

Figure 4.10: Exploratory ordinal severity estimation from binary P(Unstable)
scores.
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4.4 Comparison with Similar Studies

Table 4.3 compares this work with the most relevant prior studies on IMU-based
postural stability assessment. It should be stressed that performances alone should
only be considered indicative since the studies target different clinical scales (MDS-
UPDRS Item 3.12, H&Y stage, or BBS), adopt different acquisition protocols, and,
most importantly, evaluate within a single dataset rather than across datasets.

One of the most relevant differences concerns the data. All prior works rely on a
single dataset acquired at a single clinical site, with cohorts of 3042 PD patients [9,
49]. In contrast, this work merges three heterogeneous datasets (WearGait-PD [1],
Kiel [56], and OmniaPark [22]) collected at multiple sites across the United States,
Germany, and Italy, for a total of 149 PD patients. To the best of our knowledge,
this is the first study to address postural instability assessment in PD in a cross-
dataset setting and to quantify and address the domain shift.

Moreover, some fundamental methodological differences from previous works
emerge. The reviewed studies can be divided into two main groups: pipelines
based exclusively on handcrafted descriptors fed to a classical model or statistical
test [9, 49], and fully end-to-end deep architectures [33]. In contrast, this work
adopts a hybrid strategy in which a deep encoder is used as a feature extractor and
its latent vectors are aggregated at the patient level and used as input features for
a classical ML classifier. A natural design question is whether this hybrid approach
is really needed, or a fully DL classification pipeline would achieve comparable per-
formances. The training history of the supervised CNN-GRU encoder provides a
direct answer. Figure 4.11 shows that the window-level four-class classifier reaches
only ~39% training accuracy and ~35% validation accuracy at convergence.

Accuracy Loss
0.40 1
—— Train
0.351 1.40 Val
> 0.301
§ @ 1.35 |
§ 0.25 9
< ]
0.204 / 1.30
—— Train
0.15 1 Val 1.25 1
0 5 10 15 20 25 0 5 10 15 20 25
Epoch Epoch

Figure 4.11: Training and validation accuracy (a) and loss (b) of the supervised
CNN-GRU window-level classifier.
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Figure 4.12: ROC-AUC obtained when the pipeline is applied separately to stance-
only (a) and walk-only (b) windows, using the latent feature block without domain
adaptation. Results are shown for three classifiers (Gradient Boosting, Random

Forest, Logistic Regression) and both encoder architectures (Autoencoder and
Classifier).
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A further methodological difference concerns the task choices. Prior studies
targeting postural instability in PD rely on a single task, either quiet stance in
Borzi et al. [9] and in the descriptors surveyed by Ghislieri et al. [23] or the pull
test in Smith et al. [49]. In this work instead both quiet stance and walk are
leveraged. To further motivate the use of both stance and walk tasks, Figure 4.12
reports the ROC-AUC obtained when the same pipeline is applied separately to
stance-only and walk-only windows, using the latent feature block without do-
main adaptation. Stance-only performance is quite low across all classifiers and
both encoder architectures, reaching at most 0.55 (Random Forest, Autoencoder).
Walk-only results are higher but still limited, with a maximum of 0.72 (Gradient
Boosting, Autoencoder), compared to a mean ROC-AUC of 0.79-0.84 for the joint
Combined configuration at baseline.

Additionally, the test and validation strategy used in this work differs from pre-
vious studies. Borzi et al. [9] adopt a Leave-One-Subject-Out (LOSO) approach
but on a single dataset and perform no external validation. Smith et al. [49] re-
port discriminative power through statistical feature ranking on 30 patients and
explicitly state that multi-site validation on larger cohorts is still required. Kim
et al. [33] use 10-fold cross-validation but at the task/window level on a non-PD
population. This work instead relies on a patient-level hold-out strategy, with a
test set of 38 PD patients that is isolated before any training, feature extraction,
or feature selection. This test set is substantial for this type of study: it is com-
parable in size to the entire cohorts on which the most relevant prior works are
developed and evaluated (42 and 30 PD patients, respectively [9, 49]). Estimation
uncertainty on this held-out set is further characterized through 1,000-iteration
bootstrap confidence intervals.

Finally, the obtained results can be compared with the ones of previous works.
The cross-dataset ROC-AUC of 0.972 (95% CI [0.962, 0.988]) obtained by the best
configuration is competitive with the best results reported in the literature, such
as the 0.95 ROC-AUC of Smith et al. [49], and exceeds the only comparable multi-
class PD result, the 70.1% accuracy of Borzl et al. [9]. Notably, even without
any domain adaptation the pipeline already reaches a ROC-AUC of 0.85. The
excellent scores reported elsewhere (100% in [9], 98.4% in [33]) are obtained either
on a single site or at the task level on a non-PD cohort, and are not directly
transferable to the cross-dataset, patient-level problem addressed here.
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Chapter 5
Discussion

This chapter interprets the findings presented in Chapter 4 and situates them
within the existing literature. Notably, the CIs for the two best configurations
appear quite narrow, indicating that point estimates are reliable despite the limited
test size. This supports the validity of the comparisons discussed below.

Cross-Dataset Generalization and Domain Shift. The primary contribu-
tion of this work is that postural instability in PD can be assessed across heteroge-
neous clinical datasets from a single lower-back IMU. Previous studies developed
and validated their models within a single cohort acquired at one site [9, 49]. This
approach fails to evaluate the generalization capability of the proposed approach.
Cross-center generalization is investigated in this work by analysing domain shift.
The results show that without alignment, the originating datasets are almost per-
fectly recoverable from the features. This can be due to the different sensor charac-
teristics, sample, and experimental protocol. The same difficulty has been reported
in the related problem of FOG detection, where a model trained on one dataset
transferred poorly to others even after the sampling rate and signal scale had been
harmonized [48]. The present results show that once the domain shift is explicitly
quantified and corrected, a single-sensor model can obtain performances compa-
rable to state-of-the-art approaches on one dataset. This is also the reason why
the two adaptation strategies are discussed separately later in this chapter, since
domain separability and classification performances are impacted differently.

Role of the Encoder. A main point of the study is the comparison between
a supervised CNN-GRU encoder and a self-supervised masked autoencoder. The
two achieve almost equivalent performances, even if only the former is trained
using ground-truth labels. This indicates that the inertial signal from the lum-
bar IMU already encodes the postural information relevant to the task, and that

66



Discussion

this information can be recovered through a reconstruction of the signal, without
clinical annotation.

This result has a practical relevance because in the clinical field labeled data
are scarce and expensive. The finding aligns with previous works, where masked
pretraining has been shown to learn useful representations of inertial signals that
match or even outperform supervised and contrastive methods [14, 38]. This sug-
gests that a self-supervised encoder could first be pretrained on the large amounts
of unlabeled IMU data, which are relatively easy to collect, and then reused for
postural instability assessment on the small labeled datasets that are available in
clinical practice.

Role of the Feature Representation. The ablation across feature subsets
reveals a consistent ordering: handcrafted descriptors achieve the lowest perfor-
mance, latent features substantially improve on it, and their combination with
feature selection proves the best.

Handcrafted features are clinically interpretable and widely used in the balance
literature [23, 40], but in a cross-dataset approach they are less effective. Quanti-
ties such as sway area or spectral-power ratios depend on the sampling rate, the
sensor, and the acquisition protocol, so the same physical behavior yields differ-
ent values across datasets even after resampling. This also explains why domain
adaptation is not very effective on them. The latent representation, by contrast,
can capture temporal patterns of sway and gait that are not conveyed by clini-
cal metrics, providing a large improvement. The fact that the concatenation of
the two performs best, especially after feature selection, indicates that the clinical
and latent representations are partly complementary, and that RFE is able to re-
tain the handcrafted descriptors that are most robust to domain shift rather than
discarding all handcrafted information.

Role of the Classifier. No classifier dominates across all configurations, and
the gaps between them are generally small. The most consistent pattern is that
the lower-capacity linear model (LR) is competitive with, and often superior to,
the tree ensembles. This is coherent with the size of the available data: with few
subjects complex classifiers are more prone to overfitting and to amplifying domain
shift, while a simpler decision rule generalizes better to the unseen target dataset.
The fact that SVM and LR achieve the highest performances suggests that the
latent space is already close to linearly separable, and that more complex classifiers
cannot exploit their additional capacity effectively, given the limited sample size.

Role of Domain Adaptation. Both alignment strategies improve over the
baseline, but they behave differently. CORAL is the more aggressive method
and removes dataset-specific information effectively. However, this correction does
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not necessarily correspond to better classification, and in some configurations it
even lowers performance relative to the baseline. This trade-off is predictable:
aligning the marginal feature distributions is beneficial only when the class pro-
portions are comparable in all domains, but when they differ, as in this case, it
can modify the decision boundary and increase the target error [57]. Consistently,
CORAL performs best on the latent features, where the second-order statistics
can be estimated more reliably. The MMD mean-shift alignment applies a weaker
first-moment correction. Its peak performance is slightly lower, but its effect is
more consistent across classifiers and feature subsets. In this sense, MMD appears
to be the safer choice when the number of subjects per domain is small and the
label distributions are imbalanced, while CORAL is preferable when the goal is
to maximize peak performance on a specific, well-characterized configuration. No-
tably, the confidence intervals for these two best configurations are quite narrow,
indicating that the point estimates are reliable despite the limited size of the test
set.

Clinical Interpretation of the Predictions. Although the model is trained
only to separate stable from unstable patients, its continuous output preserves the
ordering of the MDS-UPDRS Item 3.12 scale. Most importantly, classes 0 and 1 are
very well discriminated: this is the primary clinical objective, as it corresponds
to distinguishing between stable patients and the ones with initial impairment.
Notice that also Classes 1 and 2 are clearly separated. Most errors occur between
Class 2 and Class 3, which is expected given the subjective nature of the pull-
test evaluation. These errors correspond to Class 2 subjects being assigned to
Class 3, i.e. an overestimation of severity, which is not conservative. Since scores 3
and 4 were merged because of the scarcity of subjects with the highest severity, the
distinction between these two extreme grades cannot be assessed here. Overall,
the separation between clearly stable and clearly impaired patients is maintained
and misclassifications are concentrated among adjacent categories, suggesting that
a dedicated ordinal formulation is a natural extension of this work.

Hybrid Design. A further contribution concerns the rationale for the hybrid
design. The deep model trained directly on the MDS-UPDRS labels at the win-
dow level achieves poor performance, while aggregating its learned representations
at the patient level proves effective. From a clinical point of view, this result is
coherent: postural instability is a patient-level trait, and a few seconds of inertial
signal during standing or walking do not contain enough information to correctly
discriminate impairment levels. The symptom emerges from several trunk dynam-
ics rather than from isolated events [37]. Using the deep network as a feature
extractor and then a patient-level classifier to assign a score therefore matches the
nature of the target.
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Effectiveness of Combined Tasks. A related methodological point concerns
the choice of motor tasks. Prior studies rely on a single task, either quiet stance [9,
23] or the pull test [49]. The single-task has shown that in this cross-dataset
approach neither stance nor gait alone is sufficient. This suggests that the two
tasks capture partly complementary aspects of postural control, consistent with
the clinical picture of PD, where balance impairment manifests both as an inability
to maintain a stable posture and as instability during locomotion [37]. Moreover,
the low stance-only performance may be due to the fact that recordings are shorter
and have lower amplitude. This likely makes the extracted features more affected
by differences between sensors and protocols in a cross-dataset setting. These
results indicate that combining tasks is not only a way to increase the amount of
data per patient, but a way to combine different description of their impairment.

Limitations. Despite the promising results, several limitations of this work must
be acknowledged. The first concerns the size of the test set. Relative to this
specific clinical field, 38 patients is a substantial number, comparable in size to
the entire cohorts of the most relevant prior studies. However, it remains small by
the standards of ML, where reliable estimates are based on larger samples. This
is a structural characteristic of the clinical domain rather than a methodological
choice, since collecting labeled IMU data in PD requires expert neurologists, which
limits the scale of the available cohorts.

Second, all results are reported for a single fixed split, controlled by one ran-
dom seed. Although the seed is fixed only to ensure reproducibility, the reported
performance may depend on the particular train/test partition it induces. Future
work should therefore repeat the evaluation across multiple seeds, or adopt a cross-
validation scheme, to confirm that the results are stable and not specific to this
split, a strategy that was not feasible here given the limited number of subjects.

Additionally, the ground-truth labels are derived from the MDS-UPDRS Item 3.12
score, an ordinal clinical rating assigned by experts and therefore subject to vari-
ability. The ground truth thus inherits a level of label noise, that can only be partly
reduced by aggregating information at the patient level. Moreover, intermediate
scores are strongly under-represented, with only 3 patients in the Moderate class
within the test set. The four-class ordinal analysis is therefore exploratory and
statistically unreliable for the middle classes, and its behavior should be confirmed
on larger and more balanced cohorts.

In addition, the decision thresholds t1, t5, t3 used for the four-class ordinal clas-
sification were selected on the test set itself. A more rigorous assessment would
require an additional external test set on which to validate these thresholds. The
present four-class results should therefore be regarded as a potential, preliminary
evaluation that nonetheless provides useful insights for future work.

Furthermore, only the lumbar sensor was used. Even if this placement is the
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most clinically motivated and the most common, sensors on the wrists, shanks,
or chest may capture complementary aspects of postural impairment that are not
visible in the lower-back signal alone, and could therefore improve performance.

Finally, medication state was not uniformly recorded across the three datasets.
Since dopaminergic therapy directly affects motor symptoms in PD, this introduces
an uncontrolled source of variability that feature-level domain adaptation cannot
fully resolve.
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Chapter 6

Conclusion and Future

Work

This study addressed the problem of cross-dataset classification of postural insta-
bility in PD from a single wearable sensor placed on the lower back, a symptom
that is clinically very relevant but highly under-explored in the literature com-
pared to gait or tremor. The work was motivated by three gaps in the existing
studies: the absence of cross-dataset evaluation in IMU-based postural stability as-
sessment, the separate use of handcrafted and latent features from deep networks,
and the lack of domain adaptation methods for this specific task. To address
them, data from three heterogeneous clinical datasets, WearGait-PD, Kiel, and
OmniaPark, were merged for a total of 149 PD patients recorded in the United
States, Germany, and Italy. Only the triaxial accelerometer and gyroscope sig-
nals from one lumbar IMU were leveraged, and the MDS-UPDRS Item 3.12 score
was used as the ground-truth label. First, a pre-processing pipeline was applied
to align axes, units, and sampling rate between the different datasets and to ad-
dress class imbalance through an adaptive windowing strategy. Then, two encoder
architectures, a supervised CNN-GRU classifier and a self-supervised masked au-
toencoder, were trained to extract window-level latent representations. These were
aggregated at the patient level and concatenated with 14 handcrafted clinical de-
scriptors into a single 46-dimensional feature vector and optionally aligned using
CORAL or MMD domain adaptation. Finally, subjects are classified into Stable
(MDS-UPDRS Item 3.12 score 0) or Unstable (score > 1) by four classical machine
learning models.

The results show that the cross-dataset approach is feasible. Even without any
domain adaptation, the best configurations reached a ROC-AUC of around 0.85
from a single lumbar sensor, confirming that the lower-back inertial signal already

71



Conclusion and Future Work

carries enough information to separate stable from unstable patients across dif-
ferent sites, hardware, and protocols. Domain adaptation improved this further:
CORAL achieved the best performance, leveraging latent features from the su-
pervised encoder and logistic regression, up to a ROC-AUC of 0.97, while MMD
produced smaller but more consistent gains across configurations. Both methods
were effective in addressing domain shift, and domain accuracy dropped from 0.88—
0.97 on the raw features to 0.43-0.48 after correlation alignment and to 0.66-0.73
after mean-shift.

A relevant finding is that the self-supervised autoencoder, trained without any
clinical label, matched the supervised encoder almost exactly (best ROC-AUC
of 0.95 against 0.97), which indicates that meaningful representations of postural
dynamics can be learned from unlabeled inertial data. This is especially relevant
given the scarcity of labeled clinical data.

The ablation across feature subsets further clarified the contribution of each
component: handcrafted descriptors alone were the weakest, reaching at most a
ROC-AUC of 0.74, latent features alone were substantially stronger, and their com-
bination, after recursive feature elimination, gave the best results, confirming that
the two representations are partly complementary. A single-task analysis showed
that stance-only and walk-only features performed worse than their combination,
suggesting that the two tasks capture complementary aspects of postural stability.

Finally, an exploratory analysis showed that the continuous probability pro-
duced by the binary classifier preserves the ordering of the MDS-UPDRS scale,
correctly separating the two extremes while confusing only adjacent intermediate
scores, suggesting that the learned features implicitly encode disease severity.

These conclusions must be interpreted acknowledging the limitations of this
work, such as the limited test size, the single fixed data split, label noise in the
clinical ratings, the single-sensor setup and the uncontrolled medication state.
These points naturally suggest directions for future research. The most immediate
is validation on a larger, independent cohort collected at a new clinical site, which
would provide more reliable estimates of generalization. Moreover, it could be
useful to test whether sensors on the wrists, shanks, or chest add complementary
information. The implicit ordinal structure observed in the predictions suggest
an additional regression model on the MDS-UPDRS Item 3.12 score, resulting in
clinically more informative outputs. The equivalence between the supervised and
self-supervised encoders motivates pre-training the encoder on large collections
of unlabeled inertial data before fine-tuning on a small labeled PD set, further
reducing the dependence on expensive annotation. Extending the pipeline to lon-
gitudinal data, finally, would allow postural instability to be tracked over time,
which is of considerable clinical value.

In conclusion, this work demonstrated that cross-dataset postural instability
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classification in PD is feasible from a single lumbar IMU, and that domain adapta-
tion is an effective strategy to improve generalization across heterogeneous clinical
datasets. The similar performance of the self-supervised and supervised encoders is
highly promising, as it suggests future methods may not require manually labeled
clinical data.
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Appendix A
Additional Material

Model Explicitly set Relevant defaults

RF Num. estimators = 50, Max. depth  Split criterion = Gini, Max. features
= 3, Min. samples per leaf = 3, = sqrt
Class weight = balanced

GBM Num. estimators = 50, Max. depth Learning rate = 0.1, Subsample =
=3 1.0

SVM Kernel = RBF, Probability esti- Regularisation C' = 1.0, Kernel co-
mates = on, Class weight = bal- eff. v = scale
anced

LR Class weight = balanced, Max. iter- Regularisation C' = 1.0, Penalty =
ations = 2000 L2, Solver = LBFGS

RFE Num. estimators = 80, Max. depth —

= 3; Features selected = 15, Step =
5

Table A.1: Hyperparameter configuration of the four classifiers and of the RFE fea-
ture selector. A fixed random seed (= 42) was used throughout for reproducibility.
Abbreviations: RF = Random Forest; GBM = Gradient Boosting Machine; SVM = Support
Vector Machine; LR = Logistic Regression; RFE = Recursive Feature Elimination; RBF =
Radial Basis Function; L2 = L2 (ridge) regularisation; LBFGS = Limited-memory Broyden—
Fletcher—Goldfarb—Shanno; sqrt = square root of the number of features.
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DA Features Classifier N feat. ROC-AUC Bal. Acc. Macro F1 Precision Recall
Latent SVM 32 0.849 0.770 0.762 0.684 0.813
Combined  RFE LR 15 0.832 0.685 0.681 0.611 0.688
Combined  RFE RF 15 0.804 0.676 0.676 0.625 0.625
Combined RF 44 0.795 0.685 0.681 0.611 0.688
Latent LR 32 0.818 0.662 0.656 0.579 0.688
Combined LR 44 0.813 0.676 0.676 0.625 0.625
Latent RF 32 0.778 0.707 0.705 0.647 0.688

Baseline Combined  RFE GBM 15 0.722 0.676 0.676 0.625 0.625
Latent GBM 32 0.719 0.676 0.676 0.625 0.625
Combined SVM 44 0.810 0.707 0.705 0.647 0.688
Combined GBM 44 0.716 0.699 0.700 0.667 0.625
Handcrafted RF 12 0.710 0.648 0.632 0.545 0.750
Combined  RFE SVM 15 0.815 0.722 0.725 0.714 0.625
Handcrafted SVM 12 0.676 0.648 0.632 0.545 0.750
Handcrafted LR 12 0.671 0.653 0.652 0.588 0.625
Handcrafted GBM 12 0.662 0.628 0.627 0.636 0.438
Latent LR 32 0.972 0.923 0.920 0.882 0.938
Combined LR 44 0.926 0.852 0.861 0.923 0.750
Combined RF 44 0.889 0.807 0.809 0.800 0.750
Latent RF 32 0.884 0.824 0.815 0.737 0.875
Combined RFE LR 15 0.881 0.824 0.815 0.737 0.875
Combined  RFE RF 15 0.855 0.730 0.730 0.688 0.688
Combined  RFE SVM 15 0.852 0.750 0.756 1.000 0.500

CORAL Combined  RFE GBM 15 0.810 0.730 0.730 0.688 0.688
Latent GBM 32 0.776 0.676 0.676 0.625 0.625
Combined GBM 44 0.787 0.730 0.730 0.688 0.688
Combined SVM 44 0.790 0.688 0.680 1.000 0.375
Handcrafted SVM 12 0.736 0.699 0.700 0.667 0.625
Handcrafted RF 12 0.625 0.605 0.604 0.583 0.438
Handcrafted GBM 12 0.722 0.642 0.635 0.750 0.375
Latent SVM 32 0.776 0.665 0.657 0.857 0.375
Handcrafted LR 12 0.591 0.520 0.512 0.455 0.313
Combined RFE SVM 15 0.960 0.892 0.892 0.875 0.875
Latent SVM 32 0.920 0.807 0.809 0.800 0.750
Combined LR 44 0.912 0.798 0.805 0.846 0.688
Latent RF 32 0.909 0.798 0.805 0.846 0.688
Latent GBM 32 0.909 0.776 0.780 0.786 0.688
Combined GBM 44 0.903 0.807 0.809 0.800 0.750
Combined RF 44 0.898 0.767 0.774 0.833 0.625

MMD Combined  RFE RF 15 0.901 0.753 0.755 0.733 0.688
Combined_ RFE LR 15 0.830 0.847 0.840 0.778 0.875
Combined  RFE GBM 15 0.872 0.790 0.799 0.909 0.625
Latent LR 32 0.895 0.776 0.780 0.786 0.688
Handcrafted SVM 12 0.741 0.679 0.658 0.565 0.813
Combined SVM 44 0.909 0.830 0.835 0.857 0.750
Handcrafted GBM 12 0.713 0.622 0.622 0.563 0.563
Handcrafted RF 12 0.574 0.554 0.550 0.474 0.563
Handcrafted LR 12 0.668 0.582 0.582 0.539 0.438

Table A.2: Results of ablation study for the supervised classifier encoder.
Abbreviations: DA = Domain Adaptation; CORAL = Correlation Alignment; MMD = Maxi-
mum Mean Discrepancy; N feat. = number of features; RFE = Recursive Feature Elimination;
RF = Random Forest; GBM = Gradient Boosting Machine; SVM = Support Vector Machine; LR
= Logistic Regression; ROC-AUC = Receiver Operating Characteristic Area Under the Curve;
Bal. Acc. = Balanced Accuracy; Macro F1 = macro-averaged F1 score.
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DA Features Classifier N feat. ROC-AUC Bal. Acc. Macro F1 Precision Recall
Combined  RFE GBM 15 0.869 0.739 0.734 0.667 0.750
Combined GBM 44 0.841 0.707 0.705 0.647 0.688
Latent SVM 32 0.824 0.778 0.763 0.667 0.875
Latent RF 32 0.838 0.716 0.709 0.632 0.750
Combined  RFE RF 15 0.838 0.747 0.736 0.650 0.813
Combined RF 44 0.830 0.716 0.709 0.632 0.750
Combined  RFE SVM 15 0.838 0.716 0.709 0.632 0.750

Baseline Combined_ RFE LR 15 0.815 0.716 0.709 0.632 0.750
Latent LR 32 0.801 0.693 0.683 0.600 0.750
Combined LR 44 0.801 0.716 0.709 0.632 0.750
Latent GBM 32 0.793 0.662 0.656 0.579 0.688
Combined SVM 44 0.807 0.716 0.709 0.632 0.750
Handcrafted RF 12 0.710 0.648 0.632 0.545 0.750
Handcrafted SVM 12 0.676 0.648 0.632 0.545 0.750
Handcrafted LR 12 0.671 0.653 0.652 0.588 0.625
Handcrafted GBM 12 0.662 0.628 0.627 0.636 0.438
Combined  RFE RF 15 0.949 0.901 0.894 0.833 0.938
Latent LR 32 0.932 0.884 0.890 0.929 0.813
Latent RF 32 0.918 0.810 0.790 0.682 0.938
Combined RF 44 0.918 0.807 0.809 0.800 0.750
Combined LR 44 0.898 0.861 0.864 0.867 0.813
Combined  RFE SVM 15 0.898 0.784 0.784 0.750 0.750
Latent GBM 32 0.898 0.761 0.759 0.706 0.750

CORAL Combined  RFE LR 15 0.872 0.770 0.762 0.684 0.813
Combined GBM 44 0.830 0.744 0.749 0.769 0.625
Combined  RFE GBM 15 0.835 0.699 0.700 0.667 0.625
Combined SVM 44 0.832 0.713 0.717 0.750 0.563
Latent SVM 32 0.838 0.707 0.705 0.647 0.688
Handcrafted GBM 12 0.696 0.619 0.613 0.667 0.375
Handcrafted SVM 12 0.659 0.591 0.591 0.533 0.500
Handcrafted RF 12 0.614 0.565 0.553 0.556 0.313
Handcrafted LR 12 0.585 0.605 0.604 0.583 0.438
Latent RF 32 0.906 0.861 0.864 0.867 0.813
Combined RF 44 0.901 0.852 0.861 0.923 0.750
Combined GBM 44 0.869 0.838 0.838 0.813 0.813
Combined RFE RF 15 0.881 0.838 0.838 0.813 0.813
Combined  RFE SVM 15 0.926 0.832 0.816 0.714 0.938
Latent GBM 32 0.849 0.807 0.809 0.800 0.750
Combined_ RFE LR 15 0.892 0.798 0.805 0.846 0.688

MMD Combined  RFE GBM 15 0.821 0.861 0.864 0.867 0.813
Latent SVM 32 0.875 0.753 0.755 0.733 0.688
Combined LR 44 0.858 0.668 0.670 0.643 0.563
Latent LR 32 0.875 0.730 0.730 0.688 0.688
Combined SVM 44 0.869 0.682 0.684 0.727 0.500
Handcrafted SVM 12 0.741 0.679 0.658 0.565 0.813
Handcrafted GBM 12 0.713 0.622 0.622 0.563 0.563
Handcrafted RF 12 0.574 0.554 0.550 0.474 0.563
Handcrafted LR 12 0.668 0.582 0.582 0.539 0.438

Table A.3: Results of ablation study for the supervised autoencoder encoder.
Abbreviations: DA = Domain Adaptation; CORAL = Correlation Alignment; MMD = Maxi-
mum Mean Discrepancy; N feat. = number of features; RFE = Recursive Feature Elimination;
RF = Random Forest; GBM = Gradient Boosting Machine; SVM = Support Vector Machine; LR
= Logistic Regression; ROC-AUC = Receiver Operating Characteristic Area Under the Curve;
Bal. Acc. = Balanced Accuracy; Macro F1 = macro-averaged F1 score.
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UMAP - Latent Space by Dataset [classifier]
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(a) Supervised classifier encoder.
UMAP - Latent Space by Dataset [autoencoder]
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(b) Autoencoder encoder.

Figure A.1: UMAP projections of the 32-dimensional latent block colored by
dataset (WearGait-PD, Kiel, Omnia Park), across the three domain-adaptation
variants (Baseline, CORAL, MMD).
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