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1 Introduction and theoretical
background

The early twenty-first century has been marked by an rapid increase in the sheer
volume, heterogeneity, and velocity of data generation across all spheres of human
activity. This exponential growth in data, frequently described as a hallmark of con-
temporary society, derives primarily from the digitalization of previously analog pro-
cesses (Hilbert and Lopez 2011). Advances in information technology, networking
infrastructure, computation, and data storage have created an environment in which
data grew about 20-30% annually in the past decades (Hilbert 2016) but does so with
increasing variety and veracity (Bellazzi 2014). In the specific context of health and
medicine, the effects of these developments are obvious. Modern imaging modalities
such as multi-slice computed tomography scans and high-field magnetic resonance
imaging scanners produce multiple gigabytes of data in a single clinical session. Next

generation sequencing could easily generate terabytes (Bellazzi 2014).

Besides the high-quality data obtained in controlled clinical environments and obser-
vational studies, the rise of secondary data sources adds another layer of complexity
and opportunity (Naher et al. 2023). This broad class of data includes sources such
as insurance claims, electronic health records, and patient registries. These have be-
come increasingly important in regulatory and research settings and offer potential
insights into the effectiveness, safety, and value of interventions outside the strict pa-
rameters of controlled clinical trials (Sherman et al. 2016). Accordingly, legislative
initiatives like the European Health Data Space (Marcus et al. 2022) specifically discuss
the potential of these newer and noisier data sources.

Another reason for the rise in data quantity is the democratization of data collection.
Whereas, historically, data generation was the exclusive domain of academic centers,

government agencies, or corporate laboratories, there has been a marked shift toward



the involvement of individuals. This “quantified self” movement illustrates the move-
ment from passive subject to active data contributor (Swan 2013). Individuals now
routinely collect datasets encompassing daily activities, physiological parameters,
environmental exposures, nutritional intake, sleep patterns, and even report mood
(Huckvale et al. 2019; Giannakopoulou et al. 2022). Consumer-grade wearable de-
vices and health-focused smartphone applications have achieved global penetration,
with most adults in developed economies possessing smartphones equipped with ca-
pabilities to measure heart rate, activity, oxygen saturation, and other health metrics
(Piwek et al. 2016; Topol 2019). Beyond personal devices, participatory data initia-
tives have emerged that further decentralize and democratize knowledge creation.
Patient-driven health registries, community science projects, and disease-specific plat-
forms such as PatientsLikeMe (Wicks et al. 2010) and Open Humans (Greshake Tzo-
varas et al. 2019) enable users to voluntarily share granulated, long-term health infor-

mation, disease experiences, and outcomes.

The result of these factors is the emergence of a remarkable ecosystem where data
originates from multiple sources: institutionally governed clinical studies, large-scale
administrative databases, real-world behavioral monitoring, and socially networked
patient-reported outcomes. The traditional notion of the domain expert as the prin-
cipal data creator is replaced by more distributed and inclusive models. The broader
scientific community is increasingly characterized by the shift from discrete, well-
defined datasets of the past to ongoing, high-frequency, multifaceted data streams
(Roski et al. 2014). These developments emphasize the urgent need to reconsider mul-
timodal data management, integration, and analytic frameworks, especially as sci-

ence stands at the crossroads between data abundance and actionable knowledge.

Focus of the thesis

Despite advances in data collection and analytic capabilities, the translation of raw
health data into improved clinical decision-making, reduced uncertainty, or novel
scientific insights remains limited by both practical and theoretical barriers. Simply
increasing the quantity or speed of data acquisition does not ensure greater scientific
understanding or clinical utility (Sedlakova et al. 2023). In data-rich environments,



the essential difficulty is to distinguish meaningful signals from ever-increasing back-
ground noise (Goldstein et al. 2017).

Within the framework of information theory, information is defined by its potential to
reduce entropy or uncertainty within a system (Cover and Thomas 2005). However,
entropy is not automatically diminished by accumulating more data; rather, effective
entropy reduction requires thoughtful curation, contextual understanding, and sys-
tematic interpretation. In medical informatics, these challenges are particularly press-
ing. The proportion of clinically relevant information in large-scale datasets, whether
derived from routine care, electronic health records, or patient-generated data such
as that from wearable sensors, is often low (Sedlakova et al. 2023). The presence of
redundant, insufficiently annotated, or noisy data can, paradoxically, impair the per-
formance of analytic models, leading to misleading or erroneous conclusions (Sperrin
et al. 2019).

This problem is intensified by the increasing adoption of modern machine learning
approaches. The so-called “scaling hypothesis” holds that training larger models on
ever greater volumes of data will always result in superior performance. However,
empirical findings consistently demonstrate that performance plateaus, saturation ef-
fects, and even declines can emerge as model complexity and dataset size increase
(Diaz and Madaio 2024). Models trained on uncurated data risk overfitting, where
the system learns spurious patterns, noise, or artifacts rather than robust, generaliz-
able relations (Rajkomar et al. 2019). This not only undermines generalizability to
new settings, but also introduces additional risks such as the unintentional incorpo-
ration of harmful data or a loss of model performance over time as data-generating
processes change (Lenert et al. 2019).

Consequently, the central question arises: how can the increasing availability and di-
versity of multimodal health data be effectively leveraged while avoiding the risks of
information overload, irreproducible results, or invalid model outputs? In particular,
what methodological solutions exist both for standardized clinical assessments and
for high-density time series data from consumer devices? This thesis proposes some
solutions, using Parkinson’s disease as an exemplary domain to explore opportuni-

ties and limitations in medical informatics and machine learning.



Outline of the thesis

This thesis contains a synopsis of my Parkinson-related research from the last few
years. Within the background section, fundamental concepts linking data quality,
modeling, and generalizability are defined, and their close relationship is presented.
The main part connects these rather abstract principles to the practical realities of
data related to Parkinson’s disease. To this end, I will briefly summarize my related
research and connect the corresponding publications. Finally, the discussion draws
general implications and proposes best practices for scientific progress in data-rich,
model-intensive settings such as research on neurodegenerative disorders.

Theoretical background

The following section will introduce the underlying concepts regarding generalizabil-
ity from the perspective of medical informatics. While descriptions like data quality
and generalizability are often used in different context, the following section should
link these terms, show their close relationship, and place them in the scope of transfer

learning as a technical solution for more sustainable results.

Data, information, and knowledge

Discussions about the promise and perils of data abundance and issues of gen-
eralizability often invoke central epistemological concepts like data, information,
knowledge, and occasionally higher-level concepts (Rowley 2007). These categories,
foundational in philosophy and information science, underpin regulatory standards,
computational workflows, and ethical considerations within medical informatics and
machine learning. Their boundaries remain objects of debate (Frické 2009), extending
from classical dichotomies (empiricism vs. rationalism, as already in Aristotle’s
works) through to modern epistemology and cognitive science (Floridi 2011). Along
with the spread of computer science around the world, modern definitions are
commonly discussed in the literature. In a comprehensive survey by Zins (2007),
over 130 distinct definitions advanced by 45 scholars were documented.



Understanding the operational meaning of these terms and, more importantly, the
transitions between them is essential for establishing effective and efficient use of
clinical data (Lehne et al. 2019), for example for machine learning.

Data: Raw, Context-Free Observations

At its core, data may be conceptualized as atomic facts like numbers, signals, or char-
acters that are uninterpreted and context-free. Formally, one may denote a dataset
as X = {x1,...,x;}, where each x; is a single measurement or recorded instance. In
healthcare, such atomic data points might correspond to individual laboratory val-
ues, a single element of an electrocardiographic signal, readings from accelerometers,
or a single pixel of a radiologic slice. On their own, these data points hold no in-
trinsic value; it is the process of contextualization and aggregation that imbues them
with meaning (Lehne et al. 2019). Raw data can be voluminous, high-frequency, and
seemingly precise, but until shaped by subsequent processes, it offers no guarantee
of interpretability or relevance (Bellazzi 2014).

Information: Data with context and structure

Information emerges when data are enriched with context, structure, or interpretation
(Rowley 2007). In the healthcare setting, assigning metadata to observations, such
as values from blood samples, or grouping selected elements from electronic health
record entries into patient timelines, are illustrative examples. This transformation
requires not merely technical processing, but domain-specific expertise in what con-

stitutes meaningful concepts (Lehne et al. 2019).

This enrichment of context is crucial, however, requires careful attention to the as-
sumptions made. As an example, if one defines a data point as value of a blood sam-
ple, one cannot just define it as a prototypical blood sample, but must keep in mind it
is a specific blood sample from a specific, study-dependent timepoint under potential
study-dependent conditions (Benchimol et al. 2015). More formally, one may define
the data points X from above to be elements of a feature space X, x; € X. The context
is embedded by implicitly assuming a probability distribution P(X) generating these
samples. At this point, one often does not have any idea how this distribution is de-

tined mathematically, but it encodes all beliefs regarding the context of the data. The



specification of both the feature space and the generative distribution defines then
the domain D = {X, P(X)} of the information (Zhuang et al. 2021).

In this context, the concept of data quality gets important. The term does not cover
only the basic correctness and accuracy of the data point itself (Lewis et al. 2023).
While the definitions of the different dimensions of data quality are not consistent in
literature (Bian et al. 2020), characteristics such as currency (timeliness of recording),
completeness (presence of data), or plausibility (degree to which values reflect real-
world processes) commonly appear in publications (Lewis et al. 2023). To a large
extent, these dimensions are influenced by the implicit context given to data to make

them information.

The absence or poor assurance of data quality, along with insufficient specification
of the domain through the underlying generating distribution P(X), is not merely a
technical inconvenience in subsequent analyses. Rather, these factors have the po-
tential to introduce systematic biases that may distort analytical outcomes (Lehne et
al. 2019). The process of contextualizing data is inherently dependent on the condi-
tions under which it is recorded, and there is no universally appropriate method for
enriching data with context (Degtiar and Rose 2023). Consequently, the selection of
contextual information and associated assumptions may impose specific limitations
on the interpretability of the resulting information. Sticking to the previous example,
the aggregation and contextualization of blood values collected from study partici-
pants aged 18 to 65 years is entirely valid when the objective is to analyze a partic-
ular disease within this specific age cohort. In this scenario, the implicit generating
distribution describes the population of interest accordingly. However, this specific
context and underlying distribution are not representative of the entire population,
and extending conclusions from this dataset to populations outside of the recorded
age range would be scientifically unsound (Alliende et al. 2023). Therefore, it is es-
sential to ensure transparency regarding the context, assumptions, and limitations
under which information is generated, particularly when it comes to the generaliza-
tion and reuse of data in further analyses (Degtiar and Rose 2023). These forms of

bias, if unaddressed, could then propagate through subsequent analytic stages.

Whether or not interoperability and accessibility are “just” another dimension of
data quality or a distinct concept is not entirely clear. Some authors like Prasser et
al. (2018) have listed them as distinct concepts while other authors have considered
“Usability /Ease-of-Use”, as observed by Bian et al. (2020). Interoperability would be



a necessary requirement for this “ease of use”, similar to the term “portability” used
in the ISO 25012. The FAIR (Findable, Accessible, Interoperable, and Reusable) data
principles for scientific data management highlight this specific dimension explicitly,
too (Wilkinson et al. 2016). In the context of data, the concept of interoperability
refers to the capacity to be meaningfully compared, pooled, and analyzed across dis-
parate sources, timeframes, or institutional boundaries (Cheng et al. 2024). Without
sufficient interoperability and accessibility, information becomes trapped in data si-
los, leading to ineffective integration, duplication of effort, and barriers to scientific
or clinical progress (Szarfman et al. 2022). Interoperability exists at multiple levels,
including syntactic (consistent data structure) and semantic interoperability (shared

understanding of meaning) (Lehne et al. 2019).

Knowledge: Synthesis, modeling, and validation

Only in very few situations, information is collected for its own sake. Normally, it
is collected to gain knowledge, when information is synthesized, modeled, and val-
idated to reveal actionable patterns, generalizations, or theoretical frameworks. The
methods of obtaining the knowledge and the reasons for doing it depend on the situa-
tion under study. However, the concept of “learning” is applied for this purpose and
conducted in day-to-day life, as part of a scientific study, or by data scientists through
machine learning models (Jordan and Mitchell 2015; Lake et al. 2017).

From a probabilistic perspective, the acquisition of knowledge can be viewed as the
approximation of the generative process P(X) underlying the observed information in
the domain D (Murphy 2022). When translating data into information as presented in
the previous chapter, one just implicitly defined this process by the context in which the
data was obtained. Learning is now the process of defining an explicit model P(X|©)
characterized by parameters © instead (Bishop 2006). These explicit models might be
established in a large number of ways like rules, mathematical equations, executable
logic, or computational architectures. It could be a mental model encoded within
the brain, physical models where only some parameters are updated, or complex ma-
chine learning models using their flexibility to adapt to the information (Lake et al.
2017). In each case, the model is an abstraction, a necessary simplification of reality
through the mentioned assumptions about the underlying process and methodolog-
ical considerations. The final process of learning the model (in that case defined as



linking data with models) may proceed by maximum likelihood estimation, Bayesian
updating, or other inferential approaches (Bishop 2006; Murphy 2022).

Within the thesis, the acquisition of knowledge relies primarily on machine learning.
Within the broader field of artificial intelligence, machine learning might be defined
as a set of techniques by which knowledge is extracted directly from data (Jordan and
Mitchell 2015). As an alternative, “classical” approaches to artificial intelligence em-
phasized explicit knowledge representation often by crafting logic rules, ontologies,
and inference engines by hand (Russell and Norvig 2021). Those techniques could
still be state-of-the-art for problems where explainability remains important (Samek
et al. 2021). However, particularly since the 1980s machine learning approaches are
getting more and more “information-driven” with the availability of large datasets
and increases in computational capacity (LeCun et al. 2015). These models commonly
shift away from explicit knowledge encoding to learning statistical associations, often
without causal understanding (Pearl and Mackenzie 2018).

While the field of machine learning is highly diverse, in the following I focus on super-
vised machine learning. In this case, the final aim is to predict some quantity given
potential covariates. More formally, besides the existing X, one may assume addi-
tional output data Y = {y1,...,y»} from a label space Y. Then, given a training set
S = {X, Y} containing both the information and the associated labels, one may try
to find a predictive function f : X — Y, mapping the input data to the output label
(Shalev-Shwartz and Ben-David 2014). In the probabilistic formulation from above,
the model corresponds now to p(Y|f, X, ®). The task the machine learning model
should solve is then defined as T = {Y, f}.

Machine learning and classical statistics share the reliance on these model-data con-
nections but differ in their goals. While statistics seeks to draw robust population-
level conclusions from observed data, machine learning aims principally at working
with unseen data (Bzdok et al. 2018). With an appropriate model, the obtained perfor-
mance should not only hold on existing samples but on new, dynamically changing
inputs. This desired behavior corresponds to generalization (Belkin et al. 2019) in the

sense commonly understood by humans.



Generalization and transfer learning

While the extraction and formalization of knowledge from data constitutes a critical
step in science, the ultimate utility of such knowledge is determined by its ability
to generalize (Yarkoni 2022; Shalev-Shwartz and Ben-David 2014). Generalization
reflects the principle that established findings, when transported to new or broader
contexts, retain their validity and predictive power. This capacity is foundational for
sustainable scientific progress, enabling the expansion of theory-building based on
reproducible and transferable results rather than isolated observations (Dwork et al.
2015). In medical science, for instance, the aim is not merely to describe phenomena
within a single cohort or institution, but to achieve insights applicable across diverse
patient populations, settings, and time frames (Beam and Kohane 2018; Varoquaux
and Cheplygina 2022).

For humans, generalizing knowledge to novel circumstances is a fundamental cog-
nitive ability, intuitively shaped by experience and reasoning (Lake et al. 2017). In
contrast, achieving generalization in (computational) models remains a substantial
challenge (Varoquaux and Cheplygina 2022). That is not necessarily a flaw of the
underlying methods or algorithms. All models are inherently dependent on assump-
tions, assumed data distributions P(X) and relationships embedded during the pro-
cess, for example when contextualizing the raw data into information or when defin-
ing the task (Futoma et al. 2020). When these assumptions encoded in the domain D
or predictive function f no longer hold, models are prone to fail. Two such changes
with specific names in the literature are covariate shift where the distribution of X
varies between settings and concept drift where the actual relationship f between

teatures and labels changes over time or context (Moreno-Torres et al. 2012).

As a consequence, the implications of insufficient generalization are not limited to
technical domains but contribute substantially to the broader reproducibility crisis
in science (Beam and Kohane 2018). Numerous studies, particularly in preclinical
biomedical research, have reported reproducibility failures in more than half of pub-
lished findings (Begley and Ioannidis 2015; Yarkoni 2022; Beaulieu-Jones et al. 2024).
These failures reflect the inability to replicate results when methods are applied to
new cohorts or slightly altered protocols, highlighting the challenges in translating
insights from controlled environments to real-world contexts (Camerer et al. 2018).



This lack of generalizability is especially problematic for machine learning models, for
example in the medical domain. While modern approaches yield highly accurate pre-
dictive models on development data, their performance frequently deteriorates when
deployed in clinical environments distinct from their original training context (Varo-
quaux and Cheplygina 2022). One underlying reason is the bias-variance dilemma
(Belkin et al. 2019). Current advances in computational power and algorithmic so-
phistication enable models of substantial complexity. Many such models, including
deep neural networks, are universal function approximators and might capture vir-
tually any underlying signal present in the data. However, this flexibility entails a
trade-off: highly complex models, if not appropriately constrained, may overfit to
the noise of the training set (Shalev-Shwartz and Ben-David 2014). These nuances are
commonly the differences between the implicitly assumed P(X) and the “real” P(X)
when contextualizing the data. Then, the captured spurious associations and context-
specific samples are artifacts that do not translate outside the original environment
in which the data was collected (Futoma et al. 2020). The additional complexity of
many computational models raises further issues of interpretability, as such “black
box” models are often not comprehensible with human understanding (Samek et al.
2021). As a consequence, one must rely even more upon the quality of the input
information. Acknowledging these risks, regulatory authorities including the Food
and Drug Administration, European Medicines Agency, and the German Federal In-
stitute for Drugs and Medical Devices are increasingly tightening requirements for
evidence of generalizable and robust model performance, extending to post-market
surveillance and ongoing validation (Aboy et al. 2024).

Besides data quality issues, additional and important sources of compromised gener-
alization are methodological errors such as data leakage. Data leakage arises when
information from outside the training data, which would be unavailable in a real-
world application, inadvertently enters the modeling process (Kaufman et al. 2012).
This mistake frequently leads to overestimated model performance, undermining the
reliability of results when moving into new settings. Once such errors are excluded,
different strategies could be utilized to support generalizability within data-driven

medical research:

1. Efforts to ensure generalizability should already start on the level of the data.
One may therefore try to improve the accessibility and interoperability of data,
ensuring that samples used for training are representative and diverse.

10



2. One may limit the complexity of the model by incorporating domain knowledge
while designing the model p to make it less dependent on the specific data X.

3. When more flexible models are necessary, transfer learning approaches should
be considered. These models are able to “re-use” existing knowledge, for ex-
ample derived from larger datasets than those available in the medical area.
More formally, given a source domain D;, a learning task Ts, a target domain
Dy and another learning task T;, transfer learning aims to improve the learning
of the target predictive distribution f; in D; using the knowledge in D, and Tj,
where Dy # D; or Ts # Ty (Zhuang et al. 2021). In inductive transfer learning,
knowledge learned from one source task is used to improve performance on a
different but related target task. In transductive transfer learning, the source and
target tasks are the same while the domains are different.

Within this thesis, the benefits and limitation of these approaches for different data

modalities in Parkinson’s disease are demonstrated.
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2 Narrative summary of methods and

results

In general, the preceding background on the effective usage of data to gain general-
izable knowledge is not specific to any disease. Within this thesis, the clinical appli-
cation is centered on the field of neurology, focusing specifically on Parkinson’s dis-
ease. First systematically described by James Parkinson in 1817, it is now established
as the second most prevalent neurodegenerative disease globally, surpassed only by
Alzheimer’s disease (Giannakopoulou et al. 2022). More precisely, Parkinson’s dis-
ease is a progressive neurodegenerative syndrome that primarily impairs motor func-
tion, but also presents a wide range of non-motor symptoms impacting nearly all as-
pects of daily life (Bloem et al. 2021). The increasing incidence of Parkinson’s disease
in recent decades is largely attributed to demographic shifts, particularly aging popu-
lations, as well as heightened clinical awareness and improved diagnostic capabilities
(Ben-Shlomo et al. 2024).

The central symptoms of Parkinson’s disease comprise classic motor features such as
resting tremor, bradykinesia, muscular rigidity, and postural instability. These symp-
toms primarily arise from the degeneration of dopaminergic neurons in the substan-
tia nigra, a midbrain region essential for motor control. While dopaminergic thera-
pies such as Levodopa provide effective symptomatic relief, the progressive nature
of the neurodegeneration contributes to the eventual development of motor fluctu-
ations and complications, including dyskinesias, that complicate long-term manage-
ment (Bloem et al. 2021). Importantly, Parkinson’s disease also encompasses a di-
verse spectrum of non-motor symptoms, including cognitive impairment, mood and
behavioral changes, autonomic dysfunction, sleep disturbances, pain, and various
sensory deficits. Increasing understanding of these non-motor manifestations has
underscored the clinical heterogeneity of Parkinson’s disease and reaffirmed the im-

portance of comprehensive patient evaluation (Vizcarra et al. 2019).



Recent progress in Parkinson’s disease research and care has been closely linked to
the increasing availability and diversity of data sources (Sigcha et al. 2023). These
extend beyond traditional clinical observations to encompass biomolecular profiles,
neuroimaging, digital sensor data, patient-reported outcomes, and administrative
health records. As the volume and variety of observational studies and published
datasets have grown, concerns have been raised regarding the alignment of such data
with real-world clinical scenarios. Authors such as Beaulieu-Jones et al. (2024) have
therefore advocated for additional investigations into the generalizability of research
findings derived from these datasets. While each data type may provide evidence
regarding diagnosis, monitoring, and the advancement of research, it is also presents

new methodological and technical challenges.

Standartized neurological examinations remain foundational for diagnosis and dis-
ease monitoring. In general, they are conducted through the application of structured
rating instruments such as the Movement Disorder Society Unified Parkinson’s Dis-
ease Rating Scale (MDS-UPDRS) (Goetz et al. 2008) and the modified Hoehn and Yahr
scale (Goetz et al. 2004). These instruments ensure consistent assessment of motor
symptoms, are systematically documented in electronic health records, and promote
longitudinal research as well as multi-center collaborations by providing semantic in-
teroperability. Digital sensor and wearable data have emerged as valuable assets for
continuous, objective monitoring of motor symptoms in naturalistic environments
(Giannakopoulou et al. 2022). Wearable devices, incorporating accelerometry, gyro-
scopes, and smartphone-based sensors, facilitate detailed assessment of movement
patterns, symptom fluctuations, and treatment effects outside the clinical setting (Del
Din et al. 2021). These technologies simplify the development of digital endpoints
for clinical trials and have opened new possibilities for remote patient monitoring
and personalized care (Adams et al. 2021). Patient-reported outcome data capture
aspects of disease experience that may not be apparent in clinical or sensor-based
assessments (Vizcarra et al. 2019). Through structured questionnaires, diaries, and
digital surveys, these data sources provide insights into non-motor symptoms, qual-
ity of life, emotional well-being, fatigue, and treatment satisfaction (Lee et al. 2022).
Accordingly, patient-reported outcomes support more holistic, patient-centered mod-

els of care and constitute essential endpoints in many clinical investigations.

Beyond these data modalities, which constitute the primary focus of this thesis, other
types of data are also actively researched but are not explored further here. As an

13



example, advances in molecular profiling have enhanced the collection and analysis
of biomolecular and genetic data from blood, cerebrospinal fluid, and other biospeci-
mens (Bloem et al. 2021). Possible measurements now include genetic variants, tran-
scriptomic profiles, and protein biomarkers such as alpha-synuclein and neurofila-
ment light chain. These biomarkers offer promise for improving diagnostics, charac-
terizing disease subtypes, and identifying targets for new treatments. Large-scale ini-
tiatives and biobanks, such as the Parkinson’s Progression Markers Initiative (Marek
et al. 2011), are setting standards for the systematic collection and sharing of these
biospecimens to support translational research. Similarly, structural and functional
neuroimaging, including magnetic resonance imaging and dopamine transporter sin-
gle photon emission computed tomography, provide detailed representations of brain

anatomy and function.

The seven publications, highlighted in the following, focus on the three data types
patient-reported outcomes, clinical data, and wearable-derived data described above.
Specifically, these works examine how improvements in interoperability and data
quality can enable the development of models with greater robustness in novel clini-
cal settings, as well as more effective methods for reusing existing knowledge.

Sustainable research through improved interoperability

Building on the previously discussed background, it is evident that robust, general-
izable conclusions in Parkinson’s disease research depend on access to appropriately
sized, interoperable datasets. Interoperability then enables the integration of data
from diverse sources, mitigating local biases and broadening the scope of research
insights akin to those generated by multicenter studies. Achieving this level of data
harmonization in Parkinson’s disease research necessitates systematic work at several

interoperability layers which are described in four publications.

Establishing syntactic interoperability
Despite continual expansion in clinical data collection, the practical reusability of

these datasets is impeded by shortcomings in syntactic interoperability. As intro-
duced earlier, syntactic interoperability refers to the capacity of distinct information

14



systems to exchange data in standardized, structured formats suitable for automated
processing. Achieving this requires strict adoption of standardized data formats, data
schemas, and communication protocols. The mere digitization of clinical documents,
for example by scanning paper forms or employing optical character recognition,
does not inherently enforce data structure or adherence to recognized standards. Gen-
uine syntactic interoperability is realized only when consistent, standardized conven-
tions are applied, allowing systems to accurately interpret and exchange information

without ambiguity.

Conveniently, in this specific context of Parkinson’s disease, semantic interoperability
may be inherently supported upon achieving syntactic interoperability for many clin-
ical assessments. This is largely due to the widespread usage of internationally vali-
dated, standardized instruments for disease assessment. The previously mentioned
Hoehn and Yahr scale, the MDS-UPDRS, and the MoCA are used as de facto stan-
dards in both research and clinical practice. These instruments systematically capture
a broad spectrum of disease attributes, spanning motor, non-motor, and quality-of-

life components.

This dissertation investigates two complementary strategies for enhancing interoper-
ability of these established instruments. The first focuses on the prospective digital
acquisition of patient-reported outcomes through systems that directly encode data
into interoperable formats. The second explores retrospective structuring of existing
unstandardized documents using vision language models as a potentially straight-
forward way for clinicians to obtain structured data without expert knowledge in

information technology.

Prospective improvements (Publication 1)

The initial study within this thesis examines the design and deployment of a digital
assessment system for the standardized collection of patient-reported outcomes, built
to ensure seamless mapping to recognized standards for digital medicine. Although
the adoption of digital questionnaires administered on tablets and smartphones is
growing, notable barriers remain. Key assessment instruments, such as the MDS-
UPDRS, are often subject to licensing that prohibits modification of their structure or
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appearance. This restriction constrains interface design and excludes interface adap-
tation through common digital elements like dropdown menus and checkboxes. Fur-
thermore, the heterogeneity of digital literacy in the Parkinson’s disease population,
in combination with frequent motor symptoms, introduces additional usability con-

siderations.

Addressing these factors requires highly accessible digital interfaces that maintain
strict adherence to validated instrument formats, while ensuring practical usability
for individuals with variable motor and digital abilities. The designed and imple-
mented approach within the publication leveraged consumer-grade tablets with
high-contrast screens similar to eBook readers. The device, with a similar size to
DIN A4 paper, preserved the familiar layout and interaction patterns of paper forms,
while enabling digital storage and interoperability via standard health data inter-
taces, through a custom backend service for the device. A machine learning model
running on the device mapped the handwritten digits to their digital counterpart
and provided an endpoint compatible with the Fast Healthcare Interoperability
Resources standard from Health Level 7 (HL7-FHIR) to facilitate both immediate
usability and downstream interoperability.

To assess the feasibility and acceptance of this system, a usability study was con-
ducted among individuals with Parkinson’s disease at the University Medical Cen-
ter Hamburg-Eppendorf. Participation was voluntary, anonymized, and conducted
strictly in accordance with institutional guidelines and ethical requirements, includ-
ing informed consent procedures. The study was reported as a scientific case accord-
ing to the regulations of the Arztekammer Hamburg and was waived from consul-
tation with the Ethics Committee (2024-300491-WF). Participants were introduced to
a tablet device and invited to complete selected fields of the assessment instrument,
simulating typical real-world use. They were asked to navigate the tool, interact with
both the device and stylus, and were encouraged to pose questions regarding any as-
pect of the technology or instrument. Subsequently, usability was assessed using the
established System Usability Scale (SUS) in a validated German translation.

Results from nine participants, average age 69 years, indicated high usability, with
an average SUS score of 83.01 (SD = 9.11). Participants generally found the tool
approachable and effective, appreciating the similarity to paper-based documenta-
tion. However, important ergonomics-specific findings were identified: the tablet’s

flat form factor and stylus attachment required further adaptation for ease of use
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among patients with impaired fine motor skills. These practical insights underscore
the necessity for iterative refinement of consumer hardware and digital workflows to

optimize accessibility in this population.

Despite these ergonomic challenges, participants generally expressed strong motiva-
tion to engage with the digital system and confidence in its utility. Mimicry of paper-
based questionnaires was particularly valued, as it helped bridge familiarity and
ensured user confidence. Accordingly, this pilot implementation demonstrates that
high-quality, syntactically interoperable data collection can be successfully achieved

in routine care with minimal disruption to established procedures.

Retrospective improvements (Publication 2)

For clinicians, the ability to efficiently extract structured data from existing clini-
cal documentation could streamline workflows and support interoperable secondary
data use if that is not associated with significantly more effort. Simplicity and min-
imal manual effort are essential for routine integration. Recent advances in multi-
modal neural networks with zero-shot learning capabilities appear promising for this
purpose, as they can interpret both visual and textual information within documents

without retraining or changes in paper-based processes.

The second publication examined the performance of these neural models for retro-
spectively structuring data from routine neurological assessments. The dataset in-
cluded three types of documents: a summary form, detailed scores from the MDS-
UPDRS, and the Montreal Cognitive Assessment (MoCA), in German, Arabic, and
Russian, which varied in language due to patient needs. A subset of paper documents
was processed, with sensitive data redacted, to create a controlled evaluation. Within
it, key variables such as specific test scores and assessment items were manually an-

notated, digitized, and used as reference standards for evaluating model accuracy.

Model selection prioritized practical deployment on premise, requiring local opera-
tion on a single GPU, open-source code, and pre-trained weights for transparency
and reproducibility. The models ranged from older architectures specialized for doc-
ument understanding like Donut and BLIP to recent state-of-the-art systems such as
MiniCPM-Llama3-2.5 and InternVL. Prompts were designed to directly ask for nu-
merical values, such as “What is the value for ‘'MOCA’?” or “What is the value of
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the first test from the top?”, with pattern-matching techniques employed when the
models failed to output single, clear numbers.

The dataset comprised 18 reports from 17 patients, representing 24 annotated vari-
ables. Document heterogeneity, including free-text corrections, non-standard layouts,
and multilingual content, posed substantial challenges. Despite the focus on seem-
ingly simple extraction tasks, model performance was impaired by this document
variability and complexity. The most accurate models achieved just over 77% accu-
racy overall; performance on complex, multi-language forms such as the MoCA was
markedly lower. Accuracy was higher on simple summary documents; however, per-

formance was still insufficient for widespread clinical application.

These results indicate that, although current neural models show potential, several
obstacles remain for automatic, robust structuring of clinical documents. Address-
ing these will require the development of diverse, representative datasets for further
model optimization and benchmarking. Additionally, evolving prompt designs and
interaction workflows tailored to clinical documentation may yield further perfor-

mance gains

Establishing semantic interoperability (Publication 3)

While the previously discussed technical solutions for the clinical assessments result
in syntactic and semantic interoperability for information X, research involving sen-
sor data for Parkinson’s disease faces additional challenges. Wearable devices such as
smartwatches and activity trackers generate large volumes of high-frequency motion
data. However, significant heterogeneity in device types, measurement protocols,
and data structures does not allow naive combination into a single research dataset.

The third study in this thesis set out to address this gap by developing an architecture
for the aggregation and standardized management of wearable sensor data in Parkin-
son’s disease research, guided by the FAIR principles of data management. The objec-
tive was to implement and validate a platform capable of harmonizing accelerometer
data from different datasets and allowing real-time collection, enabling reproducible
multi-site collaboration and advanced analytic approaches while adhering to estab-
lished standards.
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An initial literature review highlighted widespread reliance on proprietary and indi-
vidualized data formats, limiting data sharing and scientific reproducibility; the few
available public datasets lacked standardization. Therefore, an adaptable, interoper-
able solution for the processing and harmonization of the sensor data appears to be
required. In response, a modular architecture was designed and implemented to sup-
port the extraction, transformation, and loading of existing sensor datasets and meta-
data. The resulting data model prioritized three core entities: patient, time-stamped
acceleration measurements, and linked clinical assessments. Consistent with the prin-
ciple of data minimization, only essential participant identifiers and allocation details
were retained initially, with capacity for additional metadata. Sensor data were en-
coded to capture sampling frequency, body location, device specifics, and measure-

ment units.

Clinical assessments were represented using resource-centric schemas flexible
enough to support both standardized and tailored protocols, capturing the necessary
context for aligning symptom labels with motion data streams. The entire software
was designed for interoperability by providing an HL7-FHIR-compliant, open-source
endpoint capable of efficient deployment and real-time data management. Validation
demonstrated reliable handling of large-scale, high-resolution motion data, with ac-
curate synchronization of sensor data and clinical records. In comparison to existing
HL7-FHIR servers, the presented implementation was able to process significantly
more samples. The platform has since been successfully applied in research later

described in this thesis for the management and analysis of wearable data.

Accessible data for validating hypotheses (Publication 4)

While interoperability is essential for effective use of datasets, accessibility remains
a critical challenge. The fourth publication addressed in this thesis details the de-
velopment, deployment, and evaluation of a clinical research platform designed for
secondary use of clinical data, considering not only technical and regulatory require-
ments but also the practical needs of end-users. This platform should bridge routine
clinical documentation and the needs of clinicians for efficient, privacy-preserving

hypothesis testing.
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The platform Datenhotel was designed through close collaboration with clinical stake-
holders, prioritizing use cases including rapid hypothesis testing and in-house vali-
dation of external research findings. Design and implementation explicitly adhered
to local and federal data protection regulations, including Hamburg’s legal frame-
work for pseudonymized retrospective analysis (§ 12 HmbKHG). This was ensured
through robust trustee and data security mechanisms.

Technically, the system was built upon a modular architecture incorporating the exist-
ing data integration center established for the German Medizininformatik-Initiative
for interfacing with clinical systems and a metadata repository structured according
to international standards like ISO/IEC 11179. Through a separate pseudonymiza-
tion service and an optimized user interface, the platform ensures both compliance
with data security standards and usability for clinicians not specialized in data sci-

ence or medical informatics.

Demonstration of the platform’s capabilities after implementation was conducted by
replicating a research study focused on tremor subtypes in Parkinson’s disease. Using
comprehensive clinical documentation available within the local hospital’s informa-
tion systems, secondary data of 777 patients was extracted and analyzed. The analysis
allowed replication of previous findings by confirming a significantly higher preva-
lence of action tremor among patients with rest tremor, compared to those without
rest tremor. This closely mirrored the findings reported in larger, externally curated
datasets.

In summary, the publication demonstrates that with appropriate technical, regula-
tory, and usability considerations, it is feasible to realize sustainable, interoperable,
and accessible research data infrastructures. The developed platform provides an op-
erational model for hypothesis testing with real-world data, validated through suc-
cessful replication of clinically relevant findings and steady user adoption since the
release of the plattform.

Ensuring generalizability on interoperable data

Given the previous considerations and improvements on interoperability, the harmo-

nized data could serve as the basis for establishing and evaluating methods which
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perform not only on the datasets they are trained on but could generalize well in
clinical setups, too. If simply making more information X accessible through interop-
erability is not an option, one may improve the generalizability by focusing on the
model P(X) instead. At least two options are viable: One may limit the flexibility
of the model to match the clinical intuition, which may lead to more robust learn-
ing by avoiding overfitting. Alternatively, one may utilize transfer learning setups to
base P(X) on more information than available through X alone. A summary of the

separate publications for these two approaches can be found in the following.

Incorporating human knowledge in movement data (Publication 5)

The objective of the fifth publication was to investigate how different movement
data representations, one grounded in clinical, task-specific knowledge and another
rooted in automatic, large-scale time-series feature extraction, impacted the perfor-
mance and generalizability of machine learning models designed for dyskinesia de-
tection.

In clinical practice, the management of Parkinson’s disease relied substantially on
regular adjustment of dopaminergic therapy, during which levodopa-induced dysk-
inesia frequently emerged as a significant side effect requiring close surveillance.
Conventional assessments depend on intermittent clinical evaluations using rating
scales which capture only isolated moments in a patient’s daily life. In contrast,
commercially available wrist-worn accelerometers facilitated continuous monitoring
and have the potential to enhance clinical ratings with objective and temporally rich
movement data. While substantial research had explored wearable-based detection
of tremor and bradykinesia, automated dyskinesia assessment remained less investi-
gated despite its importance for therapeutic decision-making and early identification
of adverse drug reactions.

This study addressed the requirement for efficient and interpretable data represen-
tations in the development of machine learning methods for dyskinesia detection.
Two contrasting approaches were compared: a semantically informed technique that
employed a principal component analysis of the raw sensor data and a subsequent
biomechanical feature extraction, and an automatic large-scale time-series feature ex-

traction method utilizing advanced computational tools. Models were initially devel-
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oped and evaluated on comprehensive, multi-center public datasets made available
by the Michael J. Fox Foundation, and subsequently tested on a new, prospectively
collected clinical dataset for the study. This clinical dataset consisted of wrist-worn
accelerometer measurements, each labeled by a physician during the inpatient stay

of patients for therapy optimization.

The results indicated that both representation strategies achieved promising F; scores
near 0.7 when evaluated on public datasets. However, their generalizability var-
ied considerably. Models based on automatic feature extraction achieved strong re-
sults on the public datasets, which were relatively homogeneous and structured, but
showed diminished performance on the more heterogeneous dataset from routine
stays, suggesting that they were still prone to overfitting. In contrast, models us-
ing semantically derived representations, as well as hybrid models that combined
semantic dimensionality reduction with automatic feature selection, demonstrated
higher and more consistent performance in the new clinical context, too. The fea-
tures extracted through the semantic pathway directly corresponded to observable
movement patterns, allowing for transparent model validation and user trust. These
findings supported the hypothesis that semantically informed models were less sus-
ceptible to overfitting and delivered features that were understandable by clinicians,

an essential property for any tool influencing clinical decision-making.

In conclusion, the study delivered scientific evidence by confirming that models
built upon human-understandable, task-specific representations were more resilient
to clinical variability and dataset shifts than models relying solely on automatic
feature extraction. The incorporation of clinical knowledge at the data preprocessing
and feature engineering stage was shown to be crucial, not only for interpretability
but also for achieving enhanced reliability and generalizability in clinical machine

learning applications.

Using transfer learning to re-use existing knowledge

Unlike the previous case where a human-designed model led to better generalizabil-
ity, using simpler models might not always be an option due to the complexity of
the problem or missing human intuition. In this case, transfer learning represents a

promising paradigm for addressing data quality challenges in clinical and research
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informatics. This section details two complementary transfer learning strategies ex-
plored in the context of clinical data quality enhancement and activity recognition in

Parkinson’s disease cohorts.

Inductive transfer learning (Publication 6)

The sixth manuscript of this cumulative dissertation investigated solutions for miss-
ing data in clinical assessment data, specifically examining the potential of induc-
tive transfer learning to support data quality in clinical routine. The study provided
empirical evidence that models trained on well-annotated research cohorts can be
adapted and effectively applied to the more heterogeneous and fragmented clinical
routine datasets, which frequently suffer from high rates of missing values due to
diverse documentation standards and practical constraints. Traditional approaches
to imputation often treat the problem as a data cleaning step conducted after data
collection. In contrast, this work integrated advanced imputation methods directly
into the data acquisition pipeline, utilizing knowledge gained from comprehensive
research studies. This integration aimed to improve not only the completeness but
also the practical utility of real-world clinical datasets from the outset.

The primary training resource was a large-scale, systematically collected observa-
tional cohort. This dataset represented the target population for both model training
and evaluation, taking advantage of the high data quality in controlled studies. Val-
idation was subsequently conducted using routine clinical data from the University
Medical Center Hamburg-Eppendorf, which was accessed through the “Datenhotel”
established in the fourth publication. To further evaluate the performance, the project
included additional study data as an additional benchmark, providing insight into
how the models performed on even smaller sample sizes where classical imputation

algorithms might not work sufficiently well.

The study evaluated inductive transfer learning by utilizing knowledge learned from
one source task for a different but related target task while the source and target do-
mains were kept the same. Methodologically, the selected model for this purpose
was a self-supervised deep learning model tailored for representation learning. Once
trained, it was adapted and evaluated on the evaluation datasets to assess the ability

of transferred feature representations to support imputation. Alongside this primary
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approach, the study also benchmarked several established imputation strategies, in-
cluding deep generative models, tree-based ensemble methods, classical regression-
based techniques, and simple univariate approaches, to provide a comprehensive
comparative analysis.

The results demonstrated the viability of inductive transfer learning as a strategy for
clinical data imputation. The self-supervised deep learning approach, when trained
exclusively on research data and applied to both routine and external clinical datasets,
achieved superior imputation performance. Specifically, it obtained a mean macro
Fl-score of 0.35, outperforming all comparator methods, including established tech-
niques such as Multivariate Imputation by Chained Equations (MICE) and other ma-
chine learning-based approaches. These findings indicate that patterns and represen-
tations learned from well-curated research data can meaningfully enhance missing
value handling in more noisy clinical settings. Unlike better interpretable but less
flexible classical models, which remain valuable for training efficiency and are op-
timized for a single task only, the deep learning approach produced latent feature

representations that could be easily employed for recycling knowledge.

Transductive transfer learning (Publication 7)

The seventh and final manuscript systematically investigated transductive transfer
learning for the recognition of physical activities related to motor examinations in
Parkinson’s disease. Similar to the representations learned in the previous publica-
tion, the research leveraged foundation models pre-trained on large accelerometer
datasets of healthy individuals, aiming to improve the recognition of motor examina-
tion activities in patients with Parkinson’s disease, whose movement patterns are dis-
tinctly affected by their symptoms. Accordingly, the evaluation paradigm contained
difference in populations (healthy versus Parkinson’s disease), while maintaining the

same activity recognition source and target task.

The study utilized three distinct datasets for assessing the generalizability between
different recording setups. Besides two published study datasets with motor exam-
inations, the collected movement data from the sixth publication was used, using
the interoperable data structure developed in the third publication. Activity labels
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were harmonized into clinically and practically relevant categories, including walk-
ing, sitting, rotating hands (an MDS-UPDRS examination item), and a general “other”

activities class.

The foundational model used for transductive transfer learning was a publicly avail-
able deep learning model pre-trained on thousands of days of accelerometer data
from healthy individuals. This model extracted generic movement features, assumed
to be transferable to related tasks. Within the study, the model was fine-tuned using
Parkinson’s cohort data. Three adaptation strategies were analyzed: complete train-
ing from scratch with no external information; partial fine-tuning involving retrain-
ing only the last classification layers while freezing the remaining weights; and full
fine-tuning allowing gradient descent to adjust all parameters of the model. Then, the
performance on comparable samples through a cross-validation, and generalizability

on the more clinical dataset were assessed.

The main findings indicated that models initialized with knowledge from the healthy
source domain outperformed those trained solely on Parkinson’s data. Models using
either partial or full fine-tuning achieved test F1 scores near 0.7 on observational data,
versus 0.55 achieved from scratch. This strongly supported the hypothesis that repre-
sentations learned from healthy movements for the same task were beneficial, even
when motor symptoms significantly altered movement patterns in the patient pop-
ulation. Importantly, the differences between fine-tuning strategies revealed subtle
trade-offs: partial fine-tuning conferred greater stability, while full fine-tuning en-
abled higher peak performance but was more sensitive to hyperparameters such as

the learning rate.

When assessing the generalizability, application to the more clinical dataset with dif-
fering sensor setups and annotation processes led to a drop in performance. Nev-
ertheless, models benefiting from foundation model knowledge maintained higher
F; scores (0.48) than models trained exclusively on Parkinson’s disease data (0.33),
supporting the efficacy of transductive transfer learning for managing domain dis-
crepancies in clinical sensor data. This methodological approach thus represents a
pragmatic and scalable pathway to translate sensor-based monitoring innovations
from the research domain into clinical practice, increasing the reliability and accessi-
bility of digital disease monitoring tools for real-world use.
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3 Overall discussion

The digital transformation of society, marked by the escalating use of information
technologies, has resulted in a dramatic increase in the volume, variety, and speed of
health data generation. In medicine, these advances have generated both significant
possibilities and new challenges. On one hand, the growing pool of high-frequency,
heterogeneous health data offers the opportunity to deliver more accurate and indi-
vidualized patient care, as well as to accelerate discovery within data-driven research.
On the other hand, the process of converting these data into meaningful, robust, and
clinically actionable knowledge remains challenging. The abundance of data does
not guarantee actionable insight or knowledge; rather, it often introduces new issues,
such as information overload, the propagation of noise, challenges in data harmoniza-
tion, and risks to reproducibility and generalizability.

This cumulative dissertation examines, using Parkinson’s disease as a primary exam-
ple, how methodological, infrastructural, and analytical innovations can drive sus-
tainable progress despite these emerging challenges. The findings from the seven
manuscripts collectively address the core question of how the diversity and acces-
sibility of health data in Parkinson’s research can be leveraged to produce reliable,
transferable, and clinically useful models. The discussion that follows reflects on
these dimensions, focusing on interoperability and accessibility, robust and general-
izable modeling, the role of transfer learning, and broader implications for medical
informatics.

Interoperability and accessibility

The transformation of health data into actionable knowledge requires not only ade-

quate data volume and intrinsic quality, but also effective integration across systems



and contexts. As highlighted early in this thesis, both data quality and interoperabil-
ity are essential for supporting meaningful data reuse. Despite the rapid expansion
of digital health data collection, challenges in the aggregation and analysis of infor-
mation from disparate sources still limit the scalability and efficacy of both research
efforts and clinical care. This work focused on two data modalities: structured ques-
tionnaires and movement data obtained through wearable devices. Each modality
demonstrates distinct complexities in standardization, interoperability, and usabil-
ity.

For structured data based on established assessment instruments, achieving semantic
interoperability appears relatively feasible. For instance, the utilized MDS-UPDRS
benefits from detailed item descriptions, interpretive guidelines, and partly existing
concepts in standards like Logical Observation Identifiers Names and Codes (LOINC)
and HL7 FHIR. Nevertheless, the three manuscripts covering this topic within the
thesis consistently demonstrate that digital health data attains its greatest value when
standardization and user-centered system design are emphasized early in the design

of data collection.

The second manuscript specifically examined the challenge of retrospective interop-
erability. Since extensive clinical information still resides in paper-based or heteroge-
neously formatted digital archives, extracting structured data from these sources is a
promising strategy. Contemporary vision-language models were evaluated for their
potential to transform unstructured clinical documentation into interoperable, struc-
tured data. However, the study identified substantial limitations in the performance
of current artificial intelligence-based methods, particularly in handling the diver-
sity of layout, content, and language that characterizes real-world clinical documents.
Despite their theoretical promise, practical implementation is hindered by inconsis-
tencies in document structure and linguistic heterogeneity, limiting the reliability of
large-scale aggregation from routine care records. Thus, simply introducing an auto-
mated digitalization step to existing analogue workflows, even with state-of-the-art

systems, may be insufficient for producing high-quality, standardized datasets.

Acknowledging the need for digital data, many processes in a modern hospital might
already involve the digital collection of data, often by involving humans manually
inputting the information. However, technical, regulatory, and organizational
barriers can render even those structured datasets inaccessible to practitioners and

researchers. The fourth manuscript addressed these challenges by implementing
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and evaluating a comprehensive operational platform for clinical research named
the “Datenhotel”. While the platform primarily enhances data accessibility, it
does not enforce interoperability, as the responsibility for form design and use of
standards remains with the clinicians at the university medical center. Nonetheless,
when clinicians utilize established instruments and standards regarding Parkinson’s
disease, retrospective access to routine care data enabled research with cohort sizes
rivaling the largest internationally available datasets. Consistent with international
publications, this dataset allowed the successful replication of established epi-
demiological findings such as tremor subtype prevalence among local Parkinson’s
patients and demonstrated the platform’s validity for use in research. During the
evaluation, usability, compliance, and sensitivity to institutional culture emerged as
critical factors influencing clinician acceptance. Ongoing use indicates that many
clinicians in non-neurological specialties become aware of data quality concerns only
at the stage of data analysis, which is often too late for effective intervention. Early

enforcement of semantic interoperability requirements could alleviate these issues.

An example of such a de-novo design of interoperable data collection is highlighted
in the first publication. Unlike the clinical assessments conducted in the previous
parts, the pipeline focused on patient-reported outcomes in routine care. Rather than
introducing entirely new digital interfaces, the study implemented a digital question-
naire that mirrored the familiar paper-based instrument. The hand-written digits
were analyzed on the device and transformed into HL7 FHIR resources. During its
evaluation, this approach facilitated high usability among Parkinson’s patients while
ensuring strict adherence to internationally recognized standards for interoperabil-
ity. This compliance enabled immediate interoperability by removing the need for
extensive post-collection harmonization. Therefore, interoperability can be achieved
at minimal additional cost when the physical and cognitive needs of both patients

and clinicians are adequately considered in the data acquisition system’s design.

Collectively, these findings highlight that the acquisition of high-quality, sustainable
information for research in Parkinson’s disease and likely beyond depends on care-
tul prospective design of digital systems. When data are prospectively collected in a
standards-adherent digital form, it might be more robust for further analysis than if it
is harmonized after-the-fact from legacy records. This even holds for well-adopted in-
struments like the MDS-UPDRS which ensure some level of semantic interoperability.
It is important to recognize that simply digitizing structured forms does not guaran-

28



tee high data quality or compliance. Usability considerations, tailored to the needs of
both clinicians and patients as end-users, remain vital.

Interoperability takes on even greater complexity in the context of wearable sensor
data and high-frequency time series, as detailed in the third manuscript. Unlike stan-
dardized clinical assessment scales with clear definitions and community consensus,
wearable datasets currently lack universally accepted ontologies and harmonized ac-
quisition protocols. The lack of both syntactic and semantic standards complicates ag-
gregation, synchronization, and analysis, as reflected in the literature. The platform
developed and assessed in this work demonstrates that robust architectures are ca-
pable of handling large-scale wearable data streams and can comply with HL7 FHIR.
By making major published datasets compatible, the system allows for joint analyses.
However, current international health data standards do not yet fully accommodate
the detailed metadata and contextual specificity needed for advanced analysis of mo-
tion data.

In summary, the studies within this thesis demonstrate that achieving high-quality,
actionable health data in Parkinson’s disease research is an interdisciplinary chal-
lenge. Success requires not only technical solutions, but also consideration of inter-
operability, accessibility, privacy, usability, and long-term sustainability. The experi-
ence gained through developing and applying semantic standards, emphasizing user-
centered design, and building robust digital infrastructures underscore the potential
to greatly enhance data quality, utility, and ultimately clinical impact. At the same
time, persistent challenges, ranging from legacy information technology systems and
regulatory limitations to human factors and emerging data types, underline the ur-
gent need for ongoing, collaborative efforts among patients, clinicians, researchers,
IT experts, and policymakers.

Learning from interoperable data

To highlight the benefits of using this interoperable structured and unstructured data,
the second part the thesis focuses on using those standartized datasets for tackling
the initially described challenge of developing models that not only achieve high per-
formance in narrow settings but also generalize to real-world, heterogeneous clinical
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environments. The proliferation of machine learning in medicine has led to expec-
tations that larger datasets and improved algorithmic sophistication will translate
directly into better diagnostic and prognostic tools. As already discussed in the intro-
duction, these expectations often fail when exposed to the realities of clinical practice;
their utility drastically declines in the face of real-world complexity, evolving data
distributions, and population heterogeneity. As the capabilities and complexities of
the models appear to grow faster than the amount of interoperable data, overfitting
the model to the sparse available samples is likely the primary reason for these per-
formance issues.

One countermeasure might be the systematic inclusion of clinical and domain
knowledge throughout the modeling pipeline in order to reduce the complexity
of the utilized model. Beyond analytic robustness, models informed by clinical
knowledge may provide much-needed trust, transparency, and interpretability.
Such attributes are prerequisites for regulatory acceptance and adoption in clinical
workflows. Results in the fifth manuscript provide evidence for this claim when
interoperable movement data from observational studies to automatically assess
dyskinesia was used. The machine learning model based upon features derived from
clinical experience showed a significantly better generalizability when evaluated on
the novel test dataset. In contrast, models based solely on data-driven, large-scale
feature sets were less robust to deviations and distributional shifts present in the
patient population. Accordingly, models aligned with domain understanding, causal
relationships, and real-world constraints exhibit less overfitting and greater resilience
to variability.

While integration of expert knowledge can mitigate some issues regarding generaliz-
ability even for unstructured sensor data, limiting the complexity of the model may
be insufficient when the problem of interest is particularly complex and human intu-
ition is missing. Then, transfer learning on the interoperable data arises as a promis-

ing paradigm.

The inductive transfer learning employed in the sixth publication demonstrated ben-
efits in addressing the problem of missing data in clinical assessments. When the
learned representations on the interoperable research datasets were used for imput-
ing missing values, that setup demonstrated superior accuracy in comparison to state-
of-the-art imputation methods. By learning from the rich structure of research data,

these models appear to capture complex dependencies among variables that would
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otherwise not be observable in smaller or noisier clinical datasets. This is particularly
interesting as the performance of the imputation is independent of the size of the
dataset which is required to be imputed and can be conducted online.

Finally, transductive transfer learning on interoperable data allowed pre-trained mod-
els to adapt to new populations. The seventh publication showed that fine-tuning
foundation models previously trained on accelerometer data from healthy partici-
pants significantly improved the classification of movements associated with assess-
ments, despite the inherent differences in movement patterns between both popula-
tions. These benefits of using this pre-training even hold when the models fine-tuned
on study data were applied to a clinical test set.

In summary, the results demonstrate that transfer learning methods built upon inter-
operable datasets consistently outperform models trained exclusively on smaller or
isolated datasets. By using interoperable datasets, which become exchangeable, it be-
comes possible to reuse knowledge efficiently even in clinical environments, where
data might be messier and more fragmented than in controlled observational stud-
ies. However, transfer learning also imposes new requirements for the maintenance
and monitoring of models over time. As clinical practices, patient demographics, and
technologies evolve, adaptation strategies must be continually refined. Additionally,
the complexity and opacity of models produced by deep learning can pose challenges
for interpretability, clinical auditability, and regulatory compliance. Accordingly, the
case-by-case comparison with simpler models based on the intuition of clinical ex-

perts similar to the fifth publication remains necessary.

Limitations and future work

While this thesis demonstrates the potential of technology to advance interoperability,
accessibility, and analytical use of health data for Parkinson’s disease, several limita-

tions require further consideration.

First, the studies predominantly relied on integrating large observational datasets
with smaller datasets generated in prospective research settings. Although these ap-
proaches facilitate proof-of-concept and methodological exploration, resulting sam-
ple sizes may still limit the generalizability of findings across the broader patient
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population. Furthermore, the thesis focused on structured questionnaire data and
sensor-based movement data as principal sources of information, but did not compre-
hensively address other potentially informative data modalities. In clinical practice,
the management and understanding of Parkinson’s disease often necessitate the inte-
gration of diverse data types, including medical imaging, genetic or genomic profiles,
laboratory test results, and narrative clinical documentation. Future work should
therefore strive to integrate these multimodal data sources to enable more compre-
hensive modeling of disease progression, patient subtypes, and therapeutic response.
The ongoing development of machine learning methodology and advancements in
data standards offer opportunities to combine cross-modal health data while main-
taining standards of interoperability and data privacy. Extension of the analysis to
encompass the full range of routinely collected clinical data could significantly en-
hance the scope and relevance of digital health approaches in Parkinson’s disease.

Second, sustainable integration of the proposed technological solutions into hospital
settings require attention not only to technical challenges but also to regulatory, legal,
and organizational aspects. Factors such as data protection regulations, institutional
policies, and established clinical workflows can substantially constrain the adoption
and scalability of digital systems. Opportunities may arise within national and inter-
national legal frameworks, including recent provisions supporting in-house digital
health developments in Germany and Europe. However, these provisions may not
easily translate to cross-institutional usage. The considerable variability in data ac-
cessibility, quality, and interoperability across different hospitals further emphasizes
the need for validation in multi-center and multi-national studies. Such efforts are
critical to ensure the generalizability, effectiveness, and scalability of the approaches
proposed in this thesis.

A critical technical challenge that remains is the lack of widely adopted standards
tor wearable sensor data and high-frequency time series data. The absence of robust,
community-supported ontologies and metadata schemas complicates the reliable ag-
gregation, reuse, and comparison of wearable data across studies and clinical sites.
Future work should focus on contributing to international interoperability initiatives,
such as LOINC for standardized questionnaire coding, and on the continued devel-
opment of analytical and data integration methods for time-dependent clinical data.
Advancing these areas could substantially facilitate multi-site studies and accelerate
knowledge transfer.
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Finally, although this thesis placed emphasis on technical outcomes such as data qual-
ity, interoperability, and predictive performance, the true clinical value of the pro-
posed digital health systems will be determined by their impact on healthcare deliv-
ery and patient outcomes in real-world settings. Evaluation within routine clinical
environments is essential to assess the robustness and adaptability of algorithms in
the presence of domain shifts, non-stationary data, and evolving clinical documenta-
tion standards.

In summary, the advances described in this thesis represent foundational steps to-
ward improving digital health infrastructures for Parkinson’s disease. Future re-
search should address the stated limitations by incorporating larger and more rep-
resentative data collections, extending to additional data modalities, enhancing inter-
operability across diverse clinical environments, and rigorously assessing real-world
clinical impacts.
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4 Conclusion

The body of work presented in this cumulative dissertation offers both practical so-
lutions and theoretical insights for maximizing the value of large, heterogeneous
datasets in medical informatics. Starting from foundational improvements in inter-
operability for Parkinson’s disease research, the studies demonstrate that systematic
structuring and harmonization of clinical and sensor data are both achievable and
impactful. Interoperability enables not only improved research efficiency but also the

replication and extension of scientific findings across diverse clinical contexts.

Through a focus on Parkinson’s disease as a model disorder, the thesis demonstrates
in practical terms how investments in interoperability and accessibility, realized
through standards-based digital tools, translational research platforms, and stake-
holder engagement, enable analytic approaches, including transfer learning, that
are resilient in the face of heterogeneity. Human expertise remains central; models
informed by domain understanding, and augmented but not supplanted by scalable
machine learning techniques, offer a resilient path toward reliable and generalizing
clinical deployment. Semantically-informed feature engineering and robust transfer
learning approaches each address the limitations associated with raw data volume
and complexity, moving the field closer to models that remain accurate, transparent,

and trustworthy when they are deployed beyond their initial development context.

Despite the substantial progress documented here, continued evolution of standards,
data handling frameworks, and analytic methodologies is necessary. Areas such as
advanced multimodal data integration, ongoing benchmarking of language and vi-
sion models in clinical settings, and systematic assessment of real-world impact will
require sustained attention. Organizational and regulatory frameworks must also
evolve to support responsible data reuse, sufficient transparency, and reliable moni-

toring of models after deployment.
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Abstract. Introduction Parkinson’s disease represents a burdensome condition
with complex manifestations. A licensed, standardized paper-based questionnaire is
completed by both patients and physicians to monitor the progression and state of
the disease. However, integrating the obtained scores into digital systems still poses
a challenge. Methods Paper-based handwriting is intuitive and an efficient mode of
human-computer interaction. Accordingly, we transformed a consumer-grade tablet
into a device where an exact digital copy of the disease-specific questionnaire can
be filled with the supplied pen. Utilizing a small convolutional neural network
directly on the device and trained on MNIST data, we translated the handwritten
digits to appropriate LOINC codes and made them accessible through a FHIR-
compatible HTTP interface. Results When evaluating the usability from a patient-
centric point of view, the System Usability Score revealed an excellent rating (SUS
= 83.01) from the participants. However, we identified some challenges associated
with the magnetic pen and the flat design of the device. Conclusion In setups where
certified medical devices are not required, consumer hardware can be used to map
handwritten digits of patients to appropriate medical standards without manual
intervention through healthcare professionals.

Keywords patient-reported outcome; usability testing; Unified Parkinson's Disease
Rating Scale; Parkinson's disease; human-computer interaction

1. Introduction

Parkinson's disease (PD) represents a central challenge in modern healthcare, posing a
significant burden on both individuals and society getting older at large [1]. Its complex
manifestations, ranging from motor impairments to cognitive and psychological
symptoms, render it a multifaceted condition to manage [2]. Advancements in both
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pharmacological and device-assisted therapy could nowadays significantly reduce the
suffering of those affected [3]. However, this medical progress requires constant and
labor-intensive adjustments often over decades.

Central to the systematic evaluation of Parkinson's disease progression and
therapeutic efficacy are standardized assessments, which serve as indispensable tools in
clinical practice and research endeavors. Among these, the Hoehn & Yahr scale, the
Unified Parkinson's Disease Rating Scale (UPDRS), and its revised version by the
Movement Disorder Society (MDS-UPDRS) [4] stand out as gold standards due to their
widespread international adoption and rigorous validation. These instruments offer a
comprehensive framework for assessing the multifaceted manifestations, encompassing
motor and non-motor experiences of daily living as well as direct evaluation of motor
complications. Importantly, they facilitate a holistic evaluation by integrating inputs not
only from clinicians but also from patients, recognizing the subjective experiences and
perspectives that are integral to understanding the impact of the disease in daily life.

Digital technologies and intelligent systems for corresponding disease management
range from hand-derived algorithms over traditional machine learning approaches to
deep learning architectures, offering novel options for enhanced accuracy, objectivity,
and efficiency [5—7]. Despite these magnitudes of possible modalities and technological
advancements, challenges remain in integrating these systems into clinical practice [8].
Issues such as data privacy, algorithm robustness, and regulatory compliance necessitate
careful consideration and do not yet allow usage in a medical context [9]. Accordingly,
the utilization of such assessments remains predominantly paper-based, limiting
scalability, efficiency, and accessibility.

While there has been a trend towards deploying questionnaires on digital devices
such as tablets or smartphones in both clinical and patient-facing contexts [10], several
challenges persist, hindering seamless integration and adoption of digitalized MDS-
UPDRS questionnaires. Firstly, in contrast to personalized surveys, the questionnaire is
an original work that has been approved, validated and licensed for standardized severity
assessments during clinical routine. It is against the license agreement to alternate the
mode of administration or to interfere with its general structure. Thus, alternative
appearances, such as dropdown menus or radio buttons, are impossible to use, making
the questionnaire’s design less flexible for developers [10]. Secondly, the inherent
demographic diversity of Parkinson's patients [1] translates into varying levels of digital
literacy and proficiency in using electronic devices. Some patients may struggle to
navigate complex interfaces or may be apprehensive about using unfamiliar technology,
posing barriers to effective questionnaire completion and data collection. Finally, the
lack of standardized data exchange formats, exemplified by the absence of Fast
Healthcare Interoperability Resources (FHIR) integration, further complicates the
digitalization efforts and integration into existing systems [11].

Addressing these challenges necessitates the development of user-friendly, partly
unsupervised recording setups that harness existing knowledge, particularly in written
assessments, and capitalize on readily available consumer devices. By bridging the gap
between traditional paper-based assessments and digital methodologies, such solutions
promise to enhance the efficiency, accuracy, and accessibility of Parkinson's disease
evaluations, ultimately improving patient outcomes and streamlining healthcare delivery.
This paper explores the development of such a system and its integration with a focus on
the patient’s perspective, aiming to give hints about the digitalization of MDS-UPDRS
scores without substantial changes in their given and validated shape. This objective is
achieved through the convergence of consumer hardware, open-source software, and the
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FHIR standard. Finally, to prove the presented concept this paper presents a usability
evaluation of the proposed architecture from diagnosed patients, using the well-
established System Usability Scale (SUS) [12].

2. Methods
2.1. Rational of the study

In a preceding project within the Department of Neurology of the University Medical
Center Hamburg-Eppendorf, we investigated the potential to expedite the digitalization
process for patients frequently enrolled in clinical data collection. Specifically, our focus
was on patients with Parkinson's disease, who require regular reassessment and thus
would benefit from a more autonomous method of health status recording. We
considered digitalizing the MDS-UPDRS questionnaire by leveraging existing
technology, such as MoPat [13], to update a FHIR database. However, the Movement
Disorder Society (MDS) strictly prohibits any modifications to the form’s structure,
including the use of radio buttons [10]. Given these constraints, we designed an
architecture that circumvents formatting restrictions by utilizing technology capable of
reading handwritten digits from locally saved PDF documents.

2.2. Selection of the questionnaire

Within our study, the MDS-UPDRS serves as a validated clinical questionnaire for
assessing PD symptoms. Available in German and validated for reliability and validity,
MDS-UPDRS forms have been optimized for usage by both patients and doctors.
Traditionally paper-based, these forms consist of different sections where patients and
doctors assign scores ranging from 0 (normal) to 4 (severe) to predefined fields within,
capturing various motor and non-motor symptoms associated with PD. While the
UPDRS is fully mapped to LOINC (Logical Observation Identifiers Names and Codes)
and available in the corresponding panel 77717-7, the elements of the newer MDS-
UPDRS are currently not. Accordingly, we specified them as surrogates in the same style
until the inclusion process into the standard is completed.

2.3. Selection of hardware for optimal human-computer interaction

Given the diverse population affected by PD, we established criteria for selecting a
device to facilitate effective usage by both patients and clinicians. Handwriting presents
an intuitive and efficient mode of human-computer interaction, minimizing potential bias
induced by new modalities. Traditionally, patients receive questionnaires on paper,
which they can handle well. Using handwriting in this context closely mirrors standard
practices, which enhances both its acceptability and practicality in routine clinical
settings. Accordingly, we sought consumer-grade devices offering features such as pen
support, good contrast resembling paper, low energy consumption, and dimensions akin
to an A4 size sheet. E-ink displays emerged as attractive options. Additionally, we
prioritized devices with WiFi capability that do not rely on vendor servers, ensuring data
privacy, accessibility, and integration into existing healthcare infrastructure.
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For developing purposes, we searched for systems allowing us to integrate custom
software. As we were unable to identify a popular device with open interfaces and all
previous requirements, we fell back to those systems utilizing strict open licenses with a
copy-left clause. While the manufacturers are no longer responsible nor must provide
support, the corresponding components must legally be changeable and adoptable by an
end user. Consequently, we selected the consumer-grade device reMarkable 2
(reMarkable, Oslo, Norway), which is supplied with a pen (Figure 1).
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Figure 1. An exemplary part of the MDS-UPDRS presented on the selected device with the associated pen.
Independent of the environmental light, the contrast of the display resembles the contrast of a sheet of paper.

2.4. Implementation

For the frontend utilized by patients and physicians, we utilize the original graphical user
interface of the device. The individual questionnaires are locally stored as standard PDF
documents on the device. To ensure proper privacy protection, we did not utilize any
MDS-UPDRS fields including person-identifying markers. Instead, a freely selectable
file name serves as an easy surrogate for proper pseudonymization. The original frontend
provided navigation within the document and the support for the pen to write the scores
in the corresponding fields. By being as near to the optimized graphical user interface as
possible, we expect to avoid those challenges already solved by the original manufacturer
and profit from its optimizations in that regard.

The manufacturer ensured its compliance regarding the GPL license by providing
access to the backend of the device through SSH to the underlying Linux operation
system. We used this access to deploy the developed software described in the following.

The central component of our proposed system represents a custom server
component continuously running in the background. Writing in the programming
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language Rust, the software is cross-compiled to the specific processor architecture and
optimized for speed in the resource-limited environment of the device. Further, Rust
offers memory safety, has an inbuilt concurrency support, emphasizes robust error
handling and is supported by a vibrant community with an expanding ecosystem of
libraries (crates). Considering these points, Rust is a strong candidate for building
efficient and reliable medical software for resource-constrained devices. Then, through
its FHIR-compatible HTTP interface, the software presents the locally stored
questionnaires as individual patients with the filename corresponding to the chosen
pseudonym. For a fully separated connection of the device to the potential sensible
clinical network, a local WiFi network without internet access and appropriate WPA2
encryption could be utilized. The external system could then access our server
component through the chosen port and extract the individual observations for the patient
of interest (Figure 2).
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Figure 2. Complete pipeline of our proposed architecture including the tablet device and the FHIR database.

The translation from the handwritten results to the LOINC codes is conducted once
queried through the FHIR interface. We choose the pull-based strategy for utilization of
the limited computational components on the device where the values are only generated
upon request. Given the known position of the boxes to be filled in the automatically
generated thumbnails generated by the device, corresponding patches are automatically
extracted. Subsequently, the actual task of digit recognition resembles the popular
MNIST (Modified National Institute of Standards and Technology) dataset [14], a
dataset classically used for evaluating newly developed methods of statistics and
machine learning. As this task is considered solved by some authors, we used an existing
neural network architecture showing good results with limited computational resources
required [15]. For executing the model in the most model-independent manner, we
utilized an optimized ONNX runtime. The most likely element from the range between
0 — 4 is then used as a value encoded within a corresponding LOINC element. Crucially,
the complete pipeline did not interfere with the document itself nor modify it so that a
required human validation is easily possible (Figure 2).
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2.5. Usability analysis

To understand the usability of the proposed system in a clinical setting, we conducted a
usability study with a patient-centric focus. Patients with PD currently in therapy at the
University Medical Center Hamburg-Eppendorf were asked if they would be able to give
feedback that would not influence their application. We randomly selected patients with
a confirmed diagnosis of PD who were admitted to the Department of Neurology at the
time of our survey in March 2024. The whole survey was carried out in accordance with
relevant regulations and after written informed consent for the questionnaire was
obtained by a physician, participants received the reMarkable 2 device. The device was
briefly explained and introduced to the participants, who then should try out filling some
fields of the MDS-UPDRS with random values between 0 and 4. During the survey,
participants were instructed to open and close the questionnaire, navigate to the next or
previous page, and attach the pen. Additionally, we addressed any questions pertaining
to the device, the pen, or the MDS-UPDRS questionnaire. Their experience was
anonymously reported through the paper-based and well-established System Usability
Score (SUS) in a German translation [12] and interpreted according to the guideline of
Bangor et al. [16].

3. Results

A total of nine patients diagnosed with Parkinson’s disease participated in this study,
consisting of 6 males and 3 females. These participants completed the SUS questionnaire
to evaluate the usability of the hardware and software systems. The mean age of the
participants was 69 years (SD = 13) and the SUS yielded an average score of 83.01
(SD=9.11). According to the selected interpretation guideline, this score corresponds to
an excellent rating, indicating a high level of usability and user satisfaction.

| think that | would like to use this system frequently. |

| found the system unnecessarily complex. |

| thought the system was easy to use. |

I think that | would need the support of a technical person to be able to use this system. [ ]

| found the various functions in this system were well integrated. J | I

| thought there was too much inconsistency in this system. | ]

| would imagine that most people would learn to use this system very quickly. I |

| found the system very cumbersome to use, ]

| felt very confident using the system. | I:

| needed to learn a lot of things before | could get going with this system | | | |

Strongly Disagree Disagree Neutral Agree Strongly Agree 0 1 2 3 4 5 3] 7 8 9
Number of responses

Figure 3. The obtained number of ratings for the different items of the System Usability Scale. The bars
correspond to the five possible choices on the associated Likert scale and are always sorted from strongly agree
to strongly disagree. For all items with even numbers, more agreement corresponds to better usability while
participants should disagree with odd numbers for the same result. If a value was never chosen, its bar does not
appear inside the figure. The plot shows the good usability of the system from the perspective of the patients.

The details regarding the participants' responses are illustrated in Figure 3. Notably,
all participants expressed their willingness to use the system frequently. The majority of
participants reported that they found the system easy to use and did not anticipate
requiring support from a technical person, as seen in Figure 3. Furthermore, participants
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expressed confidence in their ability to use the system effectively and suggested that
most individuals would be able to utilize it in that way.

When observing the patients during their interaction with the device, we identified
two caveats. Firstly, the patients utilized the magnetic pen quite naturally. However, once
they attached it slightly off the intended position on the frame, the pen fell to the ground,
rendering it unfeasible for them to retrieve the pen unaided owing to their motoric
symptoms. While that would be the same case for normal pens, the convenient and
intuitive option of attaching the pen to the device magnetically worked like a trap leading
to behavior with a significant impact on usability. Secondly, the flat design of the device,
and potentially all tablet-like devices, poses a significant challenge when lying flat on
the table. As most patients were unable to grab below the device, they often tried to shift
the device to the border of the table to be able to get a better grip.

4. Discussion

Despite significant efforts to transition to digital systems, paper-based processes remain
prevalent in hospital settings. In particular, commercial licenses often impose restrictions
on the modification of questionnaires, thereby limiting the possibilities for alternative
user interactions. For instance, the MDS explicitly prohibits the incorporation of radio
buttons or the addition of comment boxes. This implies not only to the MDS-UPDRS
questionnaire but all forms owned by the MDS. In contrast to existing software, such as
the MoPat application for patient-centered surveys, which employs various tools such as
radio buttons and text boxes [13], we needed to develop an architecture that preserves
the integrity of the original questionnaire. Therefore, bridging this gap necessitates smart
approaches that optimize existing patterns and processes while minimizing disruption for
physicians and patients. A soft digitalization, such as using pens on paper-like tablets for
data input while automatically analyzing and mapping results to appropriate medical
standards, might offer a feasible solution. Due to its resemblance to printed
questionnaires, the majority of participants felt confident using the device, as this
approach maintains clarity comparable to traditional paper methods while also
facilitating seamless standardization for data exchange. Nevertheless, some patients
experienced difficulties with handling the device. Specifically, lifting the flat, tablet-like
device from a table and reattaching the magnetic pen to its slim side were not always as
intuitive as intended. While designing a device to be as flat as possible to resemble paper
may seem logical, utilizing a special case with a designated slot for the pen and options
to grab below the device may significantly simplify the usage for patients with PD.

When we evaluate the usability of the technology from the perspective of the
patients, the potential of the technology is apparent. In general, the patients despite their
different levels of expertise, were highly motivated to utilize the novel technology. They
praised the simplicity of the technology and generalized from their short experience with
the device to others. From this perspective, the implementation of the device appears to
be relatively straightforward.

While our approach highlights the opportunities presented by open-source licenses
to implement self-developed software alongside standard consumer hardware in clinical
studies, several challenges need to be addressed in future research. As we are adapting
hardware for our specific needs, it is unlikely that the toolkit itself will receive approval
as a medical device suitable for routine clinical use. Given the lack of official support
for the hardware within this particular configuration, issues such as guaranteed liability
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and backward compatibility must be taken into account. However, for in-lab conditions
during research projects, where the use of uncertified medical devices is permissible, the
technology offers an easy, time-saving, and cost-effective alternative for administering
questionnaires. Additionally, our study evaluated the usability only from a patient-centric
perspective. Although the unsupervised setup may reveal the most beneficial effects,
future research should include a quantitative evaluation from the clinician's perspective
to provide a more comprehensive assessment of the system's effectiveness. Finally,
future work may further improve the utilized algorithms and enrich them, for example,
with an outlier detection. Despite those limitations, the proposed system demonstrates
the chances of bringing MDS forms into clinics in the least laborious way.

5. Conclusion

In conclusion, our study demonstrates that a novel digital system for administering
paper-based questionnaires to patients with Parkinson's disease exhibits high usability
and user satisfaction. It further demonstrates the potential of custom software to facilitate
innovative applications of consumer hardware in healthcare settings. Through the
implementation of smart digitalization strategies, we have shown that it is feasible to
leverage existing technologies for the intelligent extraction and mapping of scores related
to the progression of Parkinson's disease from paper-simulating tablets. This approach
preserves the integrity of written evidence and retains archival options. Participants
appreciated the ease of use and the minimal need for technical support, which suggests
a promising implementation in clinical settings. Observations revealed practical
challenges, such as issues with the magnetic pen and the flat design of the device,
indicating areas for improvement. Despite these challenges, the digital system's
resemblance to traditional paper methods contributed to patient confidence and ease of
adoption. Overall, our study underscores the viability of digitalization to enhance
healthcare delivery without significant disruption in hospital settings.
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Abstract. This study investigates the potential of multimodal neural networks to
convert data from unstructured paper-based medical documents into a structured
format. Utilizing advancements in Visual Question Answering, we curated a dataset
from neurological documents at the University Medical Center Hamburg-Eppendorf.
Different models were assessed for their effectiveness. While models from 2024
showed improved performance, accuracy remained below clinical standards,
revealing significant challenges in adapting such technology to complex and
heterogeneous medical records. The findings emphasize the need for larger, diverse
datasets and ongoing refinement to bridge the gap between current model
capabilities and human-level performance, underscoring the complexity of
automating data extraction in clinical settings.

Keywords. Multimodal neural network, Visual Question Answering, data
extraction, clinical documentation, Parkinson’s disease, zero-shot learning

1. Introduction

Despite the growing significance of medical informatics in clinical practice, a substantial
portion of patient data continues to exist in unstructured form within paper-based
documentation [1]. These records, sometimes accumulated over decades, represent a vast
resource for data-driven approaches in the medical field. Transforming these documents
into structured data usable for analyses still commonly requires extensive manual work.
This study investigates the potential of using modern, multimodal neural networks to
extract data from scanned paper-based medical records instead. Their capabilities
regarding generalizability, observable in the ability of so-called zero-shot learning, are
central to their current popularity [2,3]. If zero-shot learning is applicable to medical
documentation, it would no longer be necessary to fine-tune the models for specific
document types. Instead, extracting knowledge would merely require providing a
digitized document and posing a question or prompt in natural language. By enabling
natural language as input, these systems could become accessible to virtually any
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medical scientist [4]. The foundation of this work is based on the significant progress in
the field of Visual Question Answering (VQA) and Document Question Answering [5],
both of which have been greatly influenced by recent advancements in large language
models. VQA is a technique where a question in a prompt about an image is answered
in natural language. It involves the combination of visual and textual embeddings to
create a unified representation that can understand and respond to questions about visual
content. Examples of VQA applications in the medical domain are increasingly seen,
ranging from radiology reports to pathology images [6].

2. Methods
2.1. Data

We randomly selected a set of real-world samples from clinical routines conducted at the
Department of Neurology at the University Medical Center Hamburg-Eppendorf
(Germany) derived from an extensive collection documenting the complex diagnostic
assessment of Parkinson's disease. From this collection, we selected three distinct types
of medical documentation for our study. The first type was a summary form
encompassing the entire examination and an overview of aggregated values. The second
type was a detailed documentation of scores obtained in the MDS-Unified Parkinson’s
Disease Rating Scale (MDS-UPDRS) [7], which featured a complex table and detailed
information recorded by clinicians. The third type was the Montreal Cognitive
Assessment (MoCA) [8], a test used to evaluate the patient's cognitive state and includes
a variety of tasks. Unlike the other documents, which were in German, the language of
the MoCA test varied depending on the patient’s primary language. To establish a valid
ground truth for evaluation, we selected four elements of the summary form, the first part
of the MDS-UPDRS, and the individual scores of the MoCA test as variables of interest.
We then digitized a small subset of the paper-based forms available and blacked out any
sensitive information. We labeled the selected key variables as baseline, excluding any
missing values from further analysis.

2.2. Selection of multimodal models and prompts

Model selection was guided by the need to ensure practical applicability and privacy
compliance within hospital settings. Essential criteria included the capability for local
deployment to prevent the transmission of sensitive data to external entities and the
reproducibility of results through self-maintenance. All models were required to operate
on a single GPU to ensure accessibility without the necessity of a high-performance
computing cluster. Furthermore, we required the availability of open-source code and
pre-trained weights to ensure reproducibility and transparency. Models were chosen
based on their size, established impact, and performance on a task-specific leaderboard.
Consequently, we included well-regarded but older models such as Donut [9] and BLIP
[10], NanoLLaVA-1.5 as an example of a particularly small model [11], and state-of-
the-art models like MiniCPM-Llama3-V 2.5 [12] and InternVL2-1B [13]. Depending on
the form, we used prompts like “What is the value for ' MOCA'? Answer only with a
single number between 0 and 30 or, when no explicit label was available, “What is the
value of the first test from the top? Answer only with a single number between 0 and 5.”
The prompts contained both a description of which information we wanted to extract and
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the numerical value as an additional hint. Whenever the model did not return a single
number, we utilized a regular expression to isolate the numerical values.

3. Results
3.1. Data

The final dataset comprised 18 reports from 17 unique patients, with 18 summaries, 14
MDS-UPDRS and MoCA forms, and a total of 24 annotated numerical variables across
those forms. During the annotation process, we identified several challenges that must
be addressed by the algorithms when applied in clinical settings. Over time, we observed
that some of the documents, while containing the same information, differed in layout.
While most forms were in German, MoCA forms were written in German, Arabic, and
Russian. Additionally, spelling mistakes appear to occur often in clinical practice and are
subsequently corrected through crossed-out scores, requiring the model to identify and
interpret the correct value adjacent to or even outside the corresponding table cells.
Similarly, essential information was sometimes noted beside the tables. Despite the
seemingly straightforward task of extracting numerical values, the general noise level
inherent in paper-based documentation appeared relatively large.

3.2. Performance of the models
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Figure 1. Comparison of the correct predictions across various forms utilized reveals substantial differences
in performance outcomes. Higher values indicate superior performance.

When running the models locally on the data and comparing the obtained values with
those annotated by humans, the classifiers exhibited widely varying performance levels.
The percentage of correct predictions for the different models is illustrated in Figure 1.
In terms of absolute performance, the overall results were suboptimal. The peak
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performance attained was merely marginally above 77%, which is insufficient for
meeting the standards required for clinical applications. Nonetheless, the most recent
models significantly outperformed the older models. The progression over the years is
noteworthy: earlier models such as Blip and Donut from the early 2020s performed
considerably worse than more recent models like InternVL and MiniCPM.

The performance also varied significantly across different forms. No single
model excelled across all types of documentation. Generally, the best results were
obtained with the summary form, which features a relatively simple tabular structure.
Performance declined markedly with the more complex MDS-UPDRS form, which
includes multiple adjacent columns. The poorest performance was observed with the
MoCA form. Despite having additional information through the number of maximum
points, the best performance on this form was only 37%.

4. Discussion

Given the current enthusiasm surrounding the use of multimodal models, the prospect of
effortlessly extracting structured data from unstructured documents seems promising.
However, although there is evidence suggesting that we are on the right path towards
developing capable models, our findings indicate that no current model fully matches the
performance of a human. Several factors likely contribute to the mediocre performance
observed in these models. Firstly, the generalizability that is often assumed does not
appear to fully materialize. Significant differences exist between the training images and
questions and the complex realities of clinical documentation. These complexities
include a mixture of handwritten and printed text, sophisticated forms used by experts,
as well as corrections and annotations frequently made in clinical practice. This indicates
the need for a large and diverse dataset of medical documents and associated questions.
Once challenges regarding privacy, language diversity and structural integrity are
accounted for, such a dataset would be essential both for fine-tuning models and for
objectively measuring the performance of newer models once they are published.

Our study has some limitations that should be considered when interpreting the
results. Firstly, we used only a selected subset of the extensive amount of paper-based
information available. Given their neurological context, the results may not generalize to
all medical domains, particularly those with simpler forms designed for patients.
Furthermore, there is potential for optimization in the prompts used. While the
standardized prompts employed in this study facilitate comparisons, they may not
represent the most effective approach for achieving optimal outputs. Lastly, it is
important to recognize that each evaluation captures only a snapshot in a rapidly evolving
field. The observed improvements in model performance over time suggest that ongoing
research is needed. Therefore, standardized and regularized benchmarks that can be
replicated and updated with the release of new models are essential.

5. Conclusion

Using recent advances in multimodal models to extract structured data from large
volumes of unstructured forms appears to be a promising method for improving
processes in healthcare. However, our results indicate that the practical application of
this approach in research contexts, particularly in neurology, remains a challenging goal.
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Although modern models demonstrate improved capabilities, the variations observed
highlight the significant challenges in applying zero-shot learning to the complex and
heterogeneous datasets typical for medical records. The rapid advancements in this field
necessitate ongoing critical evaluations to ensure generalizability and transferability are
accurately assessed before assuming applicability to similar challenges.
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Abstract. Introduction The diagnosis and treatment of Parkinson’s disease depend
on the assessment of motor symptoms. Wearables and machine learning algorithms
have emerged to collect large amounts of data and potentially support clinicians in
clinical and ambulant settings. State of the art However, a systematical and
reusable data architecture for storage, processing, and analysis of inertial sensor data
is not available. Consequently, datasets vary significantly between studies and
prevent comparability. Concept To simplify research on the neurodegenerative
disorder, we propose an efficient and real-time-optimized architecture compatible
with HL7 FHIR backed by a relational database schema. Lessons learned We can
verify the adequate performance of the system on an experimental benchmark and
in a clinical experiment. However, existing standards need to be further optimized
to be fully sufficient for data with high temporal resolution.

Keywords. Parkinson’s disease, motor symptoms, inertial sensors, acceleration data,
machine learning algorithms

1. Introduction
1.1. Background

Parkinson's disease (PD) is one of the neurodegenerative diseases with the greatest
implications for contemporary societies [1]. While PD also manifests in non-motor
symptoms with significant burdens on the patient, research mainly focuses on the
characteristic motor symptoms [2]. The causes of the disease are relatively well
understood, but effective treatment remains a challenge. Consequently, computer-aided
support for managing medical assessments and therapies is an active area of research [3].

Various kinds of sensors are currently under investigation for their clinical
feasibility [1]. Inertial sensors of so-called wearables have emerged to effortlessly collect
large amounts of data. These portable computers are worn as smartwatches, fitness
bracelets, or similar devices on different body parts. Developed for the consumer market,
the collected data is usually used to measure activities and sleep quality. However, the
miniaturization of the necessary sensor technology also enables its usage in clinical and
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ambulant settings. However, the vast amount of generated data in the process poses a
challenge.

Machine learning algorithms have emerged as valuable tools for analyses of motion
data acquired in monitoring motor symptoms. In research, classification of severeness,
differential diagnosis, medication management, and similar tasks are nowadays
evaluated accordingly [1]. These techniques can analyze large amounts of data with high
accuracy. Therefore, these tools may reduce subjective differences in perception between
clinicians and simplify daily clinical routines. Given the potential of machine learning
algorithms, development and evaluation of such technologies increased in recent years.

However, multiple authors also stated limitations and pitfalls requiring
consideration within that use case [4,5]. The accuracy and effectiveness of machine
learning algorithms largely depend on the quantity and quality of the data. Many studies
investigating the use of wearables for motion monitoring in PD often have small sample
sizes and short study durations limiting the quantity. Symptoms and progress of PD can
differ significantly between affected individuals. Accordingly, procedures primarily
based on population statistics may result in a bias to the detriment of an individual. Other
limitations result from the available variety of wearable devices, machine learning
algorithms, and evaluation criteria preventing comparability. Apart from this, the use of
artificial intelligence in healthcare raises several ethical and legal concerns, such as
privacy, bias, and accountability. Most of these challenges could be managed by a secure,
sufficiently large, and diverse collection of standardized data from suitable sources for
ensuring proper generalization.

1.2. Objective and Requirements

This work aims to develop a unified data architecture for research on accelerometer data
acquired in PD studies. A central goal is the interoperability and combination of different
datasets according to the findable, accessible, interoperable, and reusable (FAIR)
principles. Two research questions can be formulated:
1. Do existing studies keep their data in a format that allows easy interoperability
and combination?
2. Which kind of structure is needed to optimally link different datasets and make
them accessible for future research?
The data architecture aims to serve as a basis for future research with wearables in PD
motion monitoring.

2. State of the art

Giannakopoulou et al. identified 53 publications using inertial sensors for various
analyses in PD research [1]. To assess data availability and formats, all referenced
publications were systematically searched for related statements. Most of the included
studies provided no access to the raw data. Naturally, sensitive samples are commonly
protected by data protection acts. At the same time, further research might be limited due
to missing access. A minority of the included publications allow access to the underlying
measurements through a transparent authorization process. The most popular examples
are the mPower study [6, e.g. used by 7], the MJFF Levodopa Response Study [8], and
suitable parts of the UK Biobank dataset [9, e.g. used by 10]. Another notable dataset
without any access regulation is Daphnet [11, e.g. used by 12].
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While the underlying platforms ensure authenticated and authorized access to the

data, we were unable to identify a platform for receiving and storing datasets complying
with the FAIR principles. Instead, the data are mainly stored in study-dependent formats
requiring customized preprocessing for individual research. Such semantic
incompatibilities are amplified by differing research questions and various paradigms in
the data acquisition of inertial sensors. Since the platforms are primarily built to publish
static data and do not offer real-time interfaces, they are not suitable for storing data with
high temporal resolution encountered during experiments. Consequently, providing an
alternative appears as an efficient way to simplify research.
Generally, only “very few studies or research projects have investigated [appropriate data
standardization for wearable data] or proposed standardization procedures” [13]. The
publications focus primarily on harmonizing general movement data on local systems
powered by MATLAB [13,14]. While those approaches are powerful in their range of
supported data modalities, they are neither tailored to the specific requirements of
Parkinson’s disease nor optimized to be used as platforms.

In summary, sustainable use of the data published remains conditionally possible.
The formats currently in use are neither standardized nor capable of real-time analyses.
A unified data architecture would enable the integration of data from different sources,
such as databases, individual files containing tabular data, and external research data
platforms, into a single system. Consequently, developed data processing pipelines can
be used independently of the actual data origin. In the following, we present a possible
concept and implementation of a unified data architecture for heterogeneous datasets
containing accelerometer data.

3. Concept: Designing a uniform data architecture

The conception and implementation of the uniform data architecture for the monitoring
of motor symptoms in PD can be divided into separate steps. After the identification of
feasible data sources in the literature, a classic Extract, Transform, Load (ETL) process
was applied. This was followed by the definition, development, and testing of a suitable
interface standardized for data storage, modification, and retrieval.

The datasets of Daneault et al. and Bot et al. were included to exemplary create a
unified data architecture [6,8]. After receipt of the datasets, their content and metadata
were analyzed. In the second step, we defined the transformation rules. In contrast to
classical ETL processes in existing data warehouses, a unified data architecture was
identified based on the analysis of the included data, the information from the previously
mentioned literature review, and the discussions with clinicians. The three central
structures identified in this process are (1) the subjects, (2) the inertial data, and (3) the
medical assessments.

3.1. Integration of the subjects

Similar to existing standards, the unified data model is subject-centered. For reasons of
data minimalization, their description is by default rudimentary. In addition to an internal
identification number, classification to a certain cohort is primarily relevant. The original
study can only be identified at this point within the architecture. The possibility of
assigning further descriptions can also be used to ensure further connections.



C. Gundler et al. / A Unified Data Architecture for Assessing Motor Symptoms 25
3.2. Integration of acceleration data with a high temporal resolution

The central element of motion recording is the data with high temporal resolution
collected by inertial sensors of wearables. The movement data are complex and can be
collected using sensors from different manufacturers. Accordingly, they may differ in
temporal resolution, measurement ranges, and associated measurement errors [13]. The
impact of these variances may potentially influence further analyses. Therefore, the
sensor type and group structure must be reflected by the data architecture. Depending
on the manufacturer, the inertial sensors can use only accelerometers or combinations of
accelerometers, gyroscopes, and other sensors. Due to its popularity in research
regarding PD [1], we only consider the first type of sensor within this study. The unit of
those measurements can vary; both the SI unit m/s?> and the mean acceleration due to
gravity are common. Since conversion between both units is possible, the proposed
architecture needs to ensure its integration. Of greater relevance is the measurement site
on the body. The placement of sensors differs between studies and might reflect
differences in manifestations of motor symptoms on distinct body sites in PD patients
[3].

Based on the resources described, the storage of the actual acceleration data is
relatively simple: Both, the identification numbers of the sensor used on a specific body
part and the identification number of the patient in combination with a timestamp
function as the key element for the measured sample. This sample is serialized in the
standardized SI unit m/s? in all three dimensions with timestamps transferred from the
time zone of their recording to the Coordinated Universal Time (UTC). Consequently,
the data become easily comparable across studies. This enables the efficient mass storage
of the data with high temporal resolution and provides the basis for subsequent analyses.

3.3. Integration of medical assessments

The unified data model specified so far is suitable for making acceleration data recorded
over a course of time available and easily retrievable. This enables, for example,
continuous monitoring of motor symptoms in an ambulant setting. In terms of machine
learning models, unsupervised methods can thus already be applied. In literature,
however, supervised methods are more frequently used. The integration of medical
assessments appears to be necessary and represents the third central structure of the
unified data architecture.

The basis of any assessment is the use of a test procedure as standardized as possible.
In this context, they are commonly represented as physical exercises highlighting
specific motor symptoms in PD. However, different options are available often based on
the personal experiences of clinicians or individual hospital guidelines. A certain
standardization can be achieved by using rating scales, for example, the motor section of
the unified Parkinson’s disease rating scale (UPDRS). While both reference datasets
supported this classification, the schema optionally allows the use of proprietary
exercises. With this design decision, we choose flexibility and straightforward
applicability for custom studies over inter-study comparability.

A separate resource is created for each exercise. It contains the test procedure used
and the patient examined. It also offers the possibility to define a precise start and end
point of the exercise. As a result, a patient's exercise documentation can overlap, even if
they are in principle performed sequentially to each other. In the context of diagnoses,
several motor symptoms including tremor, dyskinesia, and bradykinesia can be assessed
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in parallel during each exercise. Their expressions are encoded on different scales. Hence,
the joint encoding of the motor symptom and the scale demonstrate comparability and
differences.

The final classification can be used as a label for machine learning. It is distinctively
defined as a rating of a specific instance of a task and can be particularized to individual
body parts. The value then encodes the severity of the motor symptom defined within
the applied scale.

3.4. Formalization of a relational database schema

Based on the previously described definitions, a relational database schema was
formalized which is shown in Figure 1. The resulting definition of resources represents
the lowest common denominator between the different data sources extracted. According
to clinical requirements, the relational database scheme possesses the necessary
flexibility to be compatible with a wide range of study designs and evaluation methods.
Furthermore, the use of an optimized database management system enables a
performance that is sufficient for large amounts of data and can handle a range of
workloads. The SQL definition of the schema should be compatible with most available
systems. The actual data storage can thus take place within stable and well-tested systems.

To finalize the ETL process, the two exemplary datasets of Daneault et al. and Bot
et al. were loaded into the unified architecture [6,8]. To perform the required syntactic
and semantic transformations, we developed independent command-line tools.

Figure 1. Visualization of the proposed relational database schema
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4. Implementation: FHIR as an interface to the uniform data architecture

After applying the appropriate schema and the ETL process, the data are available in a
relational database management system. They can be added, edited, and retrieved via
SQL. This forms the foundation for efficient storage and retrieval of the acceleration data
acquired in studies. However, this type of data management is insufficient to ensure a
reusable and expandable data architecture. Therefore, fast healthcare interoperability
resources (FHIR), established by Health Level Seven International (HL7), was
introduced as an interface to approach the optimized data management formulated at the
beginning.

HL7 FHIR is a standard for data exchange between different software solutions in
healthcare. By design, it is defined to be compatible with FAIR principles. The associated
overhead not strictly required for fulfilling the interoperability aspect of the latter might
not be necessary for every use case. In our case, providing an FHIR-compatible interface
while referencing the SQL database schema in the background facilitates the integrability
into existing systems. In addition, the development of the customized front end enables
a more defined integration of machine learning algorithms and models. Accordingly,
there are numerous possible integrations within clinical infrastructures.

For creating an appropriate interface for data insertion and querying, we developed
a Java-based server. The HAPI FHIR library was used as the technical foundation to
ensure proper and well-tested parsing and conformity to the standard. Inside the software,
the values are mapped on-the-fly to and from PostgreSQL as the underlying database
management system. Easily deployable through Docker, the code is available under a
permissive open-source license and available to research groups interested in PD?.

4.1. Results

At least two quality measures are important for assessing the appropriability of the
proposed tool. The general correctness of the underlying transformation processes and
the stored data are ensured through a battery of integration tests. However, if the system
should be used for data collection in real-time, an appropriate insertion performance is
required. Accordingly, we benchmarked our server against a reference server developed
by the team behind the HAPI FHIR library. While the FHIR interface and parsing
functionality are the same, the reference implementation used a general-purpose database
schema instead of our proposed backend.

The corresponding benchmark results of four parallel threads and data payload of
100.000 requests without network overhead are stated in figure 2. The boxplot of
insertion timings indicates an asymmetrical data distribution skewed towards lower
writing times. The median of the proposed system (0.005 seconds per insertion) is
substantially lower than the reference HAPI server (0.01 seconds per insertion). However,
our naive and unoptimized implementation shows a larger spread in the interquartile
range. Summarizing, the proposed FHIR interface implementation appears useful for
real-time applications.

2 Corresponding Git repository: https://github.com/UKEIAM/de.uke.iam.parkinson_on_thir
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Figure 2. Boxplot of insertion times of the proposed and reference system
4.2. System in use

The proposed relational database schema and FHIR interface are already deployed for
storing acceleration data within a PD study currently conducted at the University Medical
Center Eppendorf. Utilizing two applications for smartwatches with the popular
operating systems i10S and Android OS, the accelerometer data of up to 50 patients are
recorded for various movement tasks with a temporal resolution of 50 samples per second.
By the time of writing, more than 107.068.493 of these samples have been recorded from
up to five subjects simultaneously. Subsequently, the data will be used to research
solutions for the optimized treatment of PD.

5. Lessons learned

As demonstrated in both, the lab and the pilot study, storing motion data of patients
according to FAIR principles is possible. A hybrid system with a relational backend
optimized for performance and a FHIR-compatible frontend can handle requests in real-
time. Consequently, integration of such systems is possible within existing clinical
environments.

Current limits are set not by the technology itself but by the use of FHIR for this
kind of data modality. As an example, encoding each recording sample as an individual
observation might appear verbose. FHIR supports sampled data as a type of value stored
within this resource. However, such a storage format may hinder the application in the
real-time setting as easy insertion is not possible and render longitudinal studies hard. It
will be interesting to see if and how future releases may induce further opportunities.

The medical vocabularies used for interoperability are not readily applicable, either.
While there exists a LOINC code 80493-0 for an aggregated form of acceleration,
individual gravitational components could not be specified. The FHIR specification does
neither allows possible alternatives like SNOMED-CT concepts with post-coordination
within the Measurement resource. Accordingly, our implementation falls back to not-
yet-standardized codes. Getting those codes standardized through the official process
remains future work. The code under a permissive open-source license allows adaptation
for the required changes in the future. We hope the unified data architecture can further
boost research activity regarding PD.
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6. Conclusion

The current research landscape in the sensor-based recording of motor symptoms in PD
is diverse. Accordingly, existing studies do not maintain data in a format that easily
allows interoperability and a combination of different datasets. Within the scope of this
project, a uniform data architecture was developed to represent the multitude of possible
paradigms for recording movement data in patients with PD. It enables reusable storage
of research data, allows interoperable communication between systems, and effective
training of machine learning algorithms. The data architecture can be used for primary
data acquisition or serve as an endpoint for decentral collected measurement data. Using
FHIR as an interface for optimized data management offers the possibility for extensions
depending on the requirements of future research projects. For example, in addition to
the measurement data, medication data can be stored and included in analyses via the
multiple resources provided by the standard.

In summary, the designed, implemented, and tested data architecture can provide a
basis for future PD research. By standardization of popular yet inhomogeneous datasets,
and by providing sufficient data management with an expandable data architecture, it
offers the opportunity to link machine learning methods to daily clinical routines and
further boost research activity regarding PD.
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Abstract

Background: Clinical routine data derived from university hospitals hold immense value for health-related research on large
cohorts. However, using secondary data for hypothesis testing necessitates adherence to scientific, legal (such as the General
Data Protection Regulation, federal and state protection legislations), technical, and administrative requirements. This processis
intricate, time-consuming, and susceptible to errors.

Objective: This study aimsto develop a platform that enables clinicians to use current real-world data for testing research and
evaluate advantages and limitations at alarge university medical center (542,944 patientsin 2022).

Methods: We identified requirements from clinical practitioners, conceptualized and implemented a platform based on the
existing components, and assessed its applicability in clinical reality quantitatively and qualitatively.

Results: The proposed platform was established at the University Medical Center Hamburg-Eppendorf and made 639 forms
encompassing 10,629 data elements accessible to all resident scientists and clinicians. Every day, the number of patients rises,
and parts of their electronic health records are made accessible through the platform. Qualitatively, we were able to conduct a
retrospective analysis of Parkinson disease over 777 patients, where we provide additional evidence for a significantly higher
proportion of action tremors in patients with rest tremors (340/777, 43.8%) compared with those without rest tremors (255/777,
32.8%), as determined by a chi-square test (P<.001). Quantitatively, our findings demonstrate increased user engagement within
the last 90 days, underscoring clinicians' increasing adoption of the platform in their regular research activities. Notably, the
platform facilitated the retrieval of clinical data from 600,000 patients, emphasizing its substantial added value.

Conclusions:  This study demonstrates the feasibility of simplifying the use of clinical data to enhance exploration and
sustainability in scientific research. The proposed platform emerges as a potential technological and legal framework for other
medical centers, providing them with the means to unlock untapped potential within their routine data.

(Interact J Med Res 2024;13:€51563) doi: 10.2196/51563

KEYWORDS

secondary use; hypothesis testing; research platform; clinical data; Parkinson disease; data; health-related research; health data;
electronic health record; EHR,; tremor

research [1]. Known as secondary data use, this practice is
significantly influenced by legidlative actions such asthe Health
Information Technology for Economic and Clinical Health Act
inthe United States of Americaand publicly founded initiatives

Introduction

In recent years, there has been a growing interest in using
clinical routine data, especially electronic medical records, for
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likethe Medical Informatics Initiative (MII) in Germany [2,3].
University hospitals now serve as central hubs in bridging the
gap between research and patient care. Achieving connectivity
between previoudly isolated data silos necessitates adherence
to detailed standards, such asthe custom FHIR (Fast Healthcare
Interoperability Resources) profile* Kerndatensatz” in Germany
and effective communication among diverse stakeholderswithin
national health systems [4]. Despite the inherent complexity,
these concerted efforts are expected to establish a new
foundation for evidence-based science.

Despite the advantages of adopting a state-wide approach to
secondary data use, we contend that certain research could be
more effectively conducted at the local level within individual
hospitals. Specifically, we have identified 2 critical use cases
where hypothesistesting on unmapped raw datais essential for
advancing evidence-based medicine:

First, to verify hypotheses derived from clinical practice on a
larger database, clinicians should be able to validate their
experiences easily through data-driven investigations. These
studies may involve data elements not comprehensively covered
by standardized data sets. In addition, expecting clinicians to
create intricate mappings between used data elements and
state-wide standards may prove ineffective.

Second, the replication of existing publications to assess their
generalizability must always consider the local context.
Conducting public health research, for example on large cohorts
of patients with Parkinson disease (PD), might miss important
external factors[5,6]. Accordingly, testing external validity on
a schema applied in practice rather than one developed for
collaboration appears more appropriate.

Beyond the clinical perspective, local solutions may better
accommodate regional or local legal requirements, as many
collaborative standardizations tend to converge on the “ small est
common divisor” between partners. Consequently, the
implementation of complementary systems for secondary data
analysis at both the local and globa levels is deemed

appropriate.

Developments in recent years have led to the emergence of
research platforms that enable the analysis of clinical datain
compliance with data protection guidelines. Notable examples
include EPOCH and ePRISM (IP-ITT Corporation) [ 7], KETOS
(Friedrich-Alexander University Erlangen-Nurnberg) [8], and
Medical-Blocks (University of Bern) [9]. These platforms
provide environments that allow clinical scientiststo train and
deploy statistical models. However, their primary focus is on
tranglating these models back into clinical practice rather than
testing hypotheses through the secondary use of data. In
addition, works such as EHRACR (Electronic Health Records
for Clinical Research) [10] have implemented infrastructures
that enable the use of clinical data across multiple European
sitesin asecure and privacy-preserving manner without focusing
on the subsequent analysis. Given our knowledge, a platform
for hypothesistesting on routine data has not been implemented
and evaluated in clinical reality.

This paper addresses this gap in research by introducing and
evaluating a novel platform explicitly designed for hypothesis

https://www.i-jmr.org/2024/1/€51563
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testing on clinical routine data. Starting by collecting the
reguirements of clinicians, we strive to design and implement
amodular and, consequently, reusable platform. Similar to other
states, the federal law of Hamburg permits pseudonymized
retrospective dataanalysis without patient consent given specific
guarantees regarding data protection. The platform ensuresthose
guarantees in accordance with al European and German laws
and isdirectly integrated into the technical infrastructure of the
University Medica Center Hamburg-Eppendorf (UKE). The
evaluation process encompasses quantitative assessment,
exemplified by the replication of a public health finding in the
context of PD, and qualitative evaluation through the
examination of clinicians’ use in real-world clinical scenarios.
This dual-pronged evaluation strategy aims to judge both the
guantitative efficacy and practical use of the proposed platform
inclinical reality.

Methods

Technical Consider ations

For developing the platform, we examined the challenges of
using routine hospital data for hypothesis testing through
extensive communication with the different business divisions
of the UKE, like the infrastructure department, division for
information technology, research data facility, data protection
officers, and internal boards. Informed by the project meetings
and discussions with clinicians as later users, weidentified and
prioritized 4 critical process components necessitating
optimization.

Defining Appropriate Hypotheses

Precise hypothesis formulation relies on a thorough
understanding of metadata within the clinical information
system. For researchers, the accessibility of relevant datafields
may not be immediately evident. Challenges arise from both
nontechnical limitations and the opacity of data type and
structure. Filtering cohorts based on specific criteriamay yield
statistically inappropriate sizes, and requested data may be
inadequately recorded [11]. The feasibility of research ideasis
thus not guaranteed, necessitating extensive consultation with
dataintegration experts for hypothesis refinement.

Obtaining Data From the Infrastructure

Efficient storage and retrieval of routine hospital dataare crucial
for medical treatment and research. Hospitals use diverse IT
architectures, often amix of specidized systemswith proprietary
data structures and nonstandardized file formats. Access and
control vary widely, from centralized systemsto morefederated
approaches led by individual clinics. Clinicians aiming to test
hypotheses face challengesin accessing required documentation,
understanding these structures, and communicating with the
responsible data manager.

Analysis of the Hypotheses

To facilitate hypothesis tests, clinicians expressed a need for a
comprehensive and heterogeneous array of tools, encompassing
table-based software and standard scripting languages like
Python (Python Software Foundation) or R (R Foundation for
Statistical Computing). Established research data management
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platforms, such as Kaggle (Google) [12], Paperspace Gradient
(DigitalOcean) [13], Colab (Google) [14], or Codalab
(Microsoft Research) [15], provide ideal support for efficient
data analysis: An integrated and simplified development
environment, a separate space for data analysis with access to
high-performance computing, and the ability to communicate
and collaborate with other users of the research community.
Rather than developing a novel solution, leveraging a platform
that accommodates diverse analysis methods appears to be a
pragmatic approach.

Reuse of Established Components

Based upon the preliminary work of the MIl and the existing
research landscape, the following toolswere explored asrelevant
in the context of our work.

Data I ntegration

Data integration centers (DICs) enable the cross-site and
cross-institutional use of digital health data from patient care
and biomedical research in Germany [2,3,16]. All DICs are
located at university medical sites and have accessto routinely
collected patient data. To this end, they build up interoperable
databases with quality-assured and internationally harmonized
data (based on HL7 [Health Level Seven International] FHIR)
and metadata. These are made available in anonymized form
through trustees. DICs make an important contribution to the
development of a research-orientated infrastructure for the
German health care system. The first use cases using the
functionalities are already in operation [17]. These
functionalities are reusable and valuable for our work. For
further details, werefer totheliterature regarding the M11 [2,3].

Data Usage Considerations

European, national, and local laws govern the use of sensitive
routine data. Those projects necessitate ethical approval and
explicit consent, a crucia yet burdensome process for both
researchers and ethics committee members. As the legislators
have aready identified the need for simplification, we were
able to wuse 812 of the “Hamburgisches
Landeskrankenhausgesetz” [18]. This statute permits
pseudonymized retrospective data analysis without patient
consent, allowing us to forego consent-based data usage. With
approval from the ethics committee for hypothesis testing, the
board and the individual researcher might focus more on the
research question rather than time-consuming bureaucratic
processes. Without this general approval for hypothesistesting,
researcherswould normally not be ableto query the datawithout
extensive knowledge regarding the infrastructure and the law.
Furthermore, the UKE has established an independent trust
center, which islargely autonomousin legal terms. This center
uses suitabl e pseudonymizati on techni ques to saf eguard patient
dataidentity.

Metadata Processing

The processing of metadata is crucia in the context of data
harmonization with multiple data sources, as intended in this
project. Metadata repositories (MDRS) enable the structuring
of data for the technical extract, transform, and load (ETL)
process. They are also applications that make the syntax and
semantics of the data understandable for the end user. Both
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attributes are relevant in our context. Numerous systems have
already been tested and evaluated in use [15-17]. In this case,
we prefer an MDR that is afurther development of the already
used Samply.MDR [19], an ISO/IEC 11179-based metadata
repository built on a graph-based backend, making the MDR
applicable to many hierarchical data structures.

Quantitative and Qualitative Analysis

In the evaluation of the proposed tool, a dual assessment was
conducted, encompassing aqualitative analysis of itssuitability
for replicating a public health-focused study and a quantitative
examination of clinicians' usage behavior within the hospital.

Qualitative Analysis: Hypothesis Testing

The capabilities of the proposed platform for testing scientific
hypotheses appear to be valuablefor replicating studiesin other
cohorts. Comparable to existing publications [8], we applied
the platform to underscore its efficacy in promoting sound
scientific practices and for examining the generalizability of
findings regarding the circumstances present at a specific
hospital.

Due to its notable clinical implications [20,21], we chose PD
as a neurodegenerative disorder of interest for which routine
data may provide helpful insights. The International Parkinson
and Movement Disorder Society (MDS) developed a scoring
system to measure the severity of PD motor symptoms. This
movement test is called the Unified Parkinson’s Disease Rating
Scale (UPDRS) and is widely used in clinical routine [22].
While postural, kinetic, and isometric tremor are subcategories
of action tremor, the isometric tremor is difficult to measurein
routine clinical settings and is not routinely assessed [23,24].
Nonethel ess, the exact rel ationship between these distinct types
of tremors remains incompletely understood.

Motivated by the findings of Gupta et a [25], our objective is
to validate their proposed correlation between rest tremor and
action tremor in patients with PD [26]. Consequently, we aim
toreplicate their observation of asignificantly higher prevalence
of action tremor inindividuals also experiencing resting tremor.

By leveraging the proposed platform, we gained access to
routine data, expanding beyond the use of public data sets used
in the original study: The Parkinson Progression Marker
Initiative (PPM1) [27], the Fox Investigation for New Discovery
of Biomarkers (BioFIND) [28], and the Parkinson’'s Disease
Biomarkers Program (PDBP) [29] datasetsare 3 distinct clinical
oriented, observational  studies collecting  relevant
disease-specific data from patients with PD. The PPMI study
focuses on early-stage patientswith PD who haverecently been
diagnosed and are not yet receiving dopaminergic treatment. In
contrast, the BioFIND and PDBP studies encompass patients
at varying stages of PD, ranging from moderate to advanced
and early to advanced, respectively. Consequently, the PPMI
dataset exclusively includes patientsin the medication-off state,
while the latter 2 data sets include patients in both the
medi cation-off and medication-on states.

Asthefirst step of the analysis, weidentified those formswithin
the clinical information system used to store classifications
according to the MDS-UPRDS. The platform facilitated the
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selection of a well-defined cohort, ensuring precise inclusion
criteriafor the dataquery. Accordingly, weincluded al patients
with the designated ICD-10-GM (International Satistical
Classification of Diseases and Related Health Problems, Tenth
Revision, German Modification) code for Parkinson disease
(G20). Furthermore, we limited our cohort to admissions that
occurred between February 24, 2018, and February 24, 2023.
Although age limitations can be applied, we did not impose any
restrictions for the presented cohort. Leveraging the
aforementioned criteria, we executed the query and retrieved
all corresponding records stored in the system.

Quantitative Analysis

For the quantitative analysis, wefocus on performance indicators
critical for assessing the relevance of our platform in clinical
reality. The practical use of the platform is measured with the
cumulative probability distribution and the absolute number of
requests after the initialization of the platform. The waiting
times are critical for user experience, which is expected of the
researcher’s experience when they receive the requested data.

Ethical Considerations

Based on the proposed pipeline for pseudonymization and data
security, the ethics committee of the Hamburg chamber of
physicians agreed on approval for all hypothesistests conducted
through the platform (2022-100891-BO-ff).

Results

Technical Realization Within Clinical Reality

The central implementation detail of the platform is the usage
of the established systems through strategic interfacing within
the DIC. Notably, it circumvents the integration phase by
directly querying the databases of clinical systems. The
platform’s backend is incorporated into the DIC's clinica and
research domains, using the central trustee service for
pseudonymization and the transfer unit for managing workflows
and facilitating data delivery to researchers. The underlying
architectureis constructed using standardized web technol ogies,
specifically HTTPS and REST (Representational State Transfer).

Gundler et al

These procedural steps are fully automated, furnishing
transparent feedback on the ongoing progress (Figure 1).

The data architecture is organized into 3 primary sections:
clinical information systems, dataintegration center, and secure
research environment. A researcher initiates hypothesistesting
using the web applicationin thefront end of the secureresearch
environment. Data selection for thisprocessisfacilitated through
acatalog of data elements supplied by the metadata repository.
The data integration center, which is divided into 2 domains,
the clinical domain, and the research domain, isresponsiblefor
converting the researcher’s query into potentially multiple SQL
(Structured Query Language) commands to retrieve data from
the clinical information system’'s database. The output is
exported asaCSV (comma-separated values) file and subjected
to the pseudonymization triangle, where identifierslike medical
record numbers and visit numbers are replaced with temporary
IDs by the clinical domain before transmitting the data set to
the research domain. The trustee service ensuresthat datafrom
various sources are assigned consi stent pseudonyms, maintaining
the integrity of the hypothesis testing context. Subsequently,
the pseudonymized datais stored in the query-specific CSV file
storage within the backend of the secure research environment.
Researchers have access to these data sets for further analysis
and can use analytical tools such as Jupyter notebooks, which
are available on the front end.

Text data or images that contain sensitive information are not
exported. Subsequently, the research domain decodestemporary
IDs into definitive pseudonyms and stores the data set for
subsequent researcher access. Both the clinical and research
domains obtain temporary | Ds and pseudonymsfrom the trustee
service, configured to issue unique onesfor each identifier type
(eg, medical record number or visit number). The linkage
between original 1Ds and pseudonyms remains confidential to
both domains; solely, the trustee serviceretainsthisinformation
throughout the project’s duration. After this process, the
resulting file is automatically downloaded into a separate
network designed for research and stored on a file system
accessible only to the requesting clinician.

Figure 1. Components and data processing architecture of the platform. CSV: comma-separated value; SQL : Structured Query Language.
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Using awidely recognized solution for both clinicians and data
scientists, weincorporated JupyterL ab, a prominent open-source
web-based devel opment environment, asthe principal front end
for ensuing data analyses. As a result, the proposed platform
empowers usersto leverage adiverse array of toolsand libraries
on the 639 forms encompassing 10,629 data elements that we
have made accessible from clinical routine.

Qualitative Results; Example of a Hypothesis Testing

For the qualitative assessment, all patients with the designated
ICD-10-GM code G20 and admissions that occurred between
February 24, 2018, and February 24, 2023, wereincluded. The
majority of patients underwent multiple assessments during
their hospital visit. We only considered the first assessment to
ensure independent samples and discarded subsequent
assessments. Thiswas necessary sincewewere mainly interested
in the patient cohort with any of the 3 basic tremor types rather
than the overall occurrence of all tremors assessed at any given
time point. The decision to choose the first assessment was
made since not every subject was assessed more than once, but
alwaysat the beginning of their hospitalization, thereby ensuring

Gundler et al

uniformity in tremor severity assessments shortly after
admission. Afterward, we derived the subtypes described in the
original work by considering the MDS-UPDRS items 3.17,
3.15, and 3.16 as surrogates for rest tremor, postural tremor of
the hands, and kinetic tremor of the hands, respectively. As a
result, we were able to include 777 patients in our qualitative
assessment.

Table 1 presentsthe prevalence of the primary tremor typesand
the associ ation between rest tremor and action tremor. Thetable
includes 4 distinct data sets, with the first 3 data sets obtained
from Gupta et al [25] and the fourth data set corresponding to
our analysis conducted using the proposed tool (UKE). The
provided values for rest tremor, postural tremor, and kinetic
tremor represent the count of patients with PD exhibiting each
respective tremor type while at rest, while holding their hands
stretched out, or during afinger-to-nose maneuver, respectively.
The severity rating for each tremor type is equal to or above 1,
as outlined in the MDS-UPDRS guideline. The aggregated
values presented in the table were derived following the
published protocol.

Table 1. Comparison of the tremor subtypes and their occurrences within the cohorts reported by Gupta et a [25]. In addition, the last column shows

the obtained results from routine data based on the proposed platform.

PPM 12 (N=423), n (%)

10l = , N (%
BioFINDP (N=118), n (%)

PDBP® (N=874), n (%) UKEY (N=777), n (%)

Rest tremor 290 (68.6) 75 (63.6)
Pure rest tremor 87 (20.6) 15(12.7)
Action tremor 156 (36.9) 46 (39)
Pure action tremor 40 (9.5) 10(8.5)
Postural tremor 223 (52.7) 69 (58.5)
Pure postural tremor 18 (4.3) 8(6.8)
Kinetic tremor 217 (51.3) 61 (51.7)
Pure kinetic tremor 23 (5.4) 6(5.1)
No tremor 52 (12.3) 19 (16.1)
Any tremor 317 (87.7) 99 (83.9)
All tremor 116 (27.4) 36 (30.5)

459 (52) 340 (43.8)
104 (11.8) 57 (7.3)
316 (35.8) 255 (32.8)
87 (9.9) 76 (9.8)
412 (46.7) 416 (53.5)
31(3.5) 72(9.3)
463 (52.5) 301 (38.7)
86 (9.8) 31 (4)
211(23.9) 258 (33.2)
663 (75.2) 519 (66.8)
229 (26) 179 (23)

3PPM|: Parkinson Progression Marker Initiative.

bBjoFIND: Fox Investigation for New Discovery of Biomarkers.
®PDBP: Parkinson’s Disease Biomarkers Program.

dUKE: University Medical Center Hamburg-Eppendorf.

Our results represent a cohort of patients with PD irrespective
of any dopaminergic treatment since many patients lack
information regarding medication status due to the subsequent
addition of this datafield into the clinical information system.
Through our data analysis, we observed a prevalence of 43.8%
(340/777) for rest tremors and 7.3% (57/777) for pure rest
tremors within the cohort. In contrast, the prevalence of total
action tremor was 32.8% (255/777), with a corresponding
occurrence of 9.8% (76/777) for pure action tremor. The
incidences of postural tremor and pure postural tremor were
found to be 53.5% (416/777) and 9.3% (72/777), respectively.
We identified a prevalence of 38.7% (301/777) for Kkinetic
tremor and 4.0% (31/777) for pure kinetic tremor. Finally, we
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calculated the occurrence of patients exhibiting all 3 tremor
types simultaneously, the absence of any tremor, and the
presence of at least 1 tremor type, resulting in proportions of
23.0% (179/777), 33.2% (258/777), and 66.8% (519/777),
respectively. Theserelative figures closely resemblethe reported
valuesfrom the original authors. Importantly, we al so observed
a significantly higher proportion of action tremors in patients
with rest tremors (43.8%) compared with those without rest
tremors (32.8%), as determined by a chi-square test (P<.001).

Our analysis of routine data has yielded additional evidence
that aligns with the published findings, suggesting that action
tremor may be part of a broader tremor syndrome observed in
PD. This discovery emphasizes the need for a more dynamic
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approach to tremor classification, considering the progressive
worsening of rest tremor severity over time[30] and its potential
association with the occurrence of action tremor. Specifically,
our data set corroborates the previous findings by Gupta et al
[25], which propose arelationship between rest tremor and the
emergence of action tremor. The data we have obtained further
suggests that action tremor may represent a manifestation of
the underlying basal ganglia disease, highlighting the potential
requirement for additional neuroimaging studies to elucidate
this connection.

Quantitative Results

In the realm of quantitative results, we focus on performance
indicators critical for assessing the relevance of our platform
within the clinical redlity. To that end, we compiled a
comprehensive list of successful queries executed using our
proposed tool before October 30, 2023. Subsequently, we
exclude queries carried out by members of the devel opment
teams, asthey were primarily intended for debugging purposes.

Figure 2 illustrates the cumulative probability distribution of
all incorporated queries across the temporal dimension. A
conspicuous observation istheinitial absence of queriesin the
early phase, signifying a notable delay in the adoption of the
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tool by clinical researchers, spanning nearly 6 months. The
discernible rightward shift indicates an increasing interest among
researchersfollowing aninitia habituation period. Neverthel ess,
the following data points reveal amarked acceleration in query
use, with over 50% of thetotal queries executed within the most
recent 3-month period.

Our platform offersthe unique advantage of accessing multiple
systemsintegral to clinical care. However, it’simportant to note
that these platforms are not optimized for the specific nature of
the queriesin question. Substantial delaysin dataretrieval could
significantly impede the quality of research conducted using
our tool. Consequently, we analyzed to evaluate the waiting
times experienced by clinical researchers before they received
the requested data.

Figure 3 displays the distribution of the time it took for the
gueried data to become available to the researcher. The plot
reveals anotable range of waiting times. While more than 50%
of all requests were processed within atime frame of 50 hours,
the longest queries extended to nearly aweek. The pronounced
initial ascent up to the median highlights the prompt reception
of a substantial proportion of data despite the existence of
instances where requests experience prolonged processing
durations.

Figure 2. Cumulative probability distribution of researcher-initiated queries over time, starting from the public announcement of the platform, as

extracted from the platform logs.
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Figure 3. The percentilesillustrate al queries conducted by researchers until the availability of datafor analysis extracted from the platform logs.
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Discussion

Principal Findings

The development of a novel data platform at the University
Medical Center Hamburg-Eppendorf for hypothesis testing on
current clinical routine data according to al European and
German data protection lawsis accepted and used by clinicians.
Accordingly, designing, implementing, and establishing a
streamlined processfor conducting hypothesistesting in public
health by using secondary data appears possible. The initial
version presented in this study involves the devel opment of an
analytical platform with a data protection-compliant
infrastructure and a comprehensive ethical mandate, which will
be extended with respect to semantic and syntactic
interoperability found in the literature. This innovation has
culminated in the establishment of a tool in clinical redlity,
which occupies a unique niche within the national health care

landscape.

Giventheillustrative use case, our findingsindicate that routine
datacan facilitate the creation of data setson scalescomparable
to prospective studies within significantly shorter time frames
than those. This observation carries profound implications for
diverse hospital roles: Patients gain transparency and trust in
research processes, asthe platform serves asareliable authority
for consent, enhancing confidence in the hospital’s practices.
Clinicians find empirical support for hypothesistesting, aiding
in evidence-based decision-making and simplifying
time-consuming replication studies. The Data Protection Officer
benefits from automated queries, reducing project-related risk
management burdens and minimizing infringement risksthrough
asecure, tested architecture. Research datainfrastructure experts
receive structured support for handling researchers queries.
Finaly, the hospital itself benefits from the efficient use of

https://www.i-jmr.org/2024/1/€51563

routine clinical data, offering potential cost savings, increased
efficiency, and enhanced competitiveness.

Beyond the scope of our study, there is a discernible increase
in interest in the tool within clinical reality. Over the last 90
days, the number of successful queries has doubled, and intotal,
clinical data from 600,000 patients or 1.6 million cases were
retrieved from the platform. Although the absolute figures
remain constrained, there is evident adoption by clinica
researchers, indicating active use of the new tool for their
hypothesis tests.

Limitations

Our investigation underscores that the long execution times of
gueries on general-purpose databasesin clinical systems, which
are not inherently designed for the queries executed by the
research platform, can limit theinteractivity of researcherswith
theclinical data. Similar systemsin other hospitals may likely
face comparable issues. The complexity of supporting various
query formulations through SQL query adapters further
complicates optimization, often resulting in less efficient query
statements compared with those that are meticulously crafted
by hand. To enhance our platform and achieve shorter execution
times, further development is essential. By now, we established
atimelimitation for queries, terminating excessively large ones.
In the future, we plan to use strategies such as horizontaly
scaling the data sources, using alternative data stores or data
caches, or using FHIR search or the Clinical Query Language
as the query mechanism instead of traditional SQL [31].

Furthermore, our observations indicate a lack of universa
intuitiveness among clinical usersin our hospital regarding the
Jupyter Notebooks used for analysis. Despite the formulation
of dataqueries, the execution of analyses experienced anotable
decline. The participation of clinicians in platform design
underscores a potential gap in data literacy among individual

Interact JMed Res 2024 | vol. 13 | €51563 | p. 7
(page number not for citation purposes)



INTERACTIVE JOURNAL OF MEDICAL RESEARCH

physicians. To mitigate this, we advocate for an additional
reduction in the entry barrier through the introduction of
user-friendly, broadly applicable dashboards and visualizations
tailored to each data query.

An additional aspect that holds potential for enhancing usability
in the future is the ability to share access to analysis spaces.
Thisfeature would enable userswith limited statistical expertise
to invite statistical or biomedical experts into their analysis
space, gradually receiving support throughout the analysis
process. By alowing collaborative access, inexperienced users
can benefit from the guidance and assistance of domain experts,
facilitating their learning and development in statistical analysis.
Accordingly, this featureis currently under development.

Gundler et al

Conclusions

With the presented research platform, we were able to establish
a valuable tool for hypothesis testing and secondary use of
clinica data By automating the retrieval process of
pseudonymized clinical data and providing a clear legd
framework, the platform contributes to the facilitation of the
research process. The practical usability of the platform was
demonstrated through the replication of a scientific study using
the example of PD, confirming the validity of the concept. In
further development stages and through the integration of
additional clinical data sources, we aim to continuously increase
the quantity of dataand the usability of the platform. Inthelong
term, through further modularization and standardization, the

platform should be made usable for additional national and
European sites, significantly facilitating the secondary use of
clinical data.
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Highlights

e  Sensor-driven measurements can support the assessment of dyskinesia fluctuations in
clinical practice.

e Dimensional reduction of accelerometer data using PCA improves machine learning
model performance.

e  Semantic feature extraction enhances model generalization and predictive capability
for dyskinesia detection.

e Integrating standardized neurological assessments can further improve the reliability
of sensor-based monitoring.

Abstract

During the in-hospital optimization of dopaminergic dosage for Parkinson’s disease, drug-
induced dyskinesias emerge as a common side effect. Wrist-worn devices present a sub-
stantial opportunity for continuous movement recording and the supportive identification
of these dyskinesias. To bridge the gap between dyskinesia assessment and machine
learning-enabled detection, the recorded information requires meaningful data represen-
tations. This study evaluates and compares two distinct representations of sensor data: a
task-dependent, semantically grounded approach and automatically extracted large-scale
time-series features. Each representation was assessed on public datasets to identify the
best-performing machine learning model and subsequently applied to our own collected
dataset to assess generalizability. Data representations incorporating semantic knowledge
demonstrated comparable or superior performance to reported works, with peak F; scores
of 0.68. Generalization to our own dataset from clinical practice resulted in an observed F;
score of 0.53 using both setups. These results highlight the potential of semantic movement
data analysis for dyskinesia detection. Dimensionality reduction in accelerometer-based
movement data positively impacts performance, and models trained with semantically
obtained features avoid overfitting. Expanding cohorts with standardized neurological
assessments labeled by medical experts is essential for further improvements.

Sensors 2025, 25, 4514
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1. Introduction

The optimization and fine-tuning of therapy in response to the progression of Parkin-
son’s disease (PD) necessitate in-hospital diagnostic assessments and evaluations by means
of clinical rating scales [1,2]. The overdosing of dopaminergic drugs often evokes levodopa-
induced dyskinesia (LID), an uncomfortable side effect that is characterized by uncontrolled,
involuntary muscle movements of all body parts [3]. While many symptoms associated
with PD may be more effectively identified through observational means, dyskinesias in
the upper limbs hold significant potential for detection using wrist-worn sensors. The
direct recording of health parameters provides vital insights into the ongoing progression
of motor symptoms. Unlike a clinician who can only assess a snapshot of a moment,
body-mounted systems are worn continuously throughout the day, offering a temporal
recording of events. The acquired data is confined to the specific body part where the sensor
is worn, yet it is tailored precisely to its designated tasks, thereby facilitating the capture
of therapy-dependent motor fluctuations [4,5]. Subsequently, wearable devices such as
smartwatches provide accessible monitoring aids, enabling the recording and tracking
of movement data for understanding motor symptom variations and optimizing therapy
plans [6-8].

Wearables offer potential benefits for observing daily fluctuations in a hospital setting,
allowing an expert-guided labeling of symptoms. While various sensor-driven approaches
for capturing tremor and bradykinesia have been explored, there is a limited focus on
dyskinesia detection despite its potential as a key biomarker for therapy responses [9,10].
Alongside other reports, studies conducted by Hssayeni et al. and Pfister et al. aim to
assess dyskinesia in a free-living environment to be able to monitor the disease condi-
tion at home [11,12]. Hssayeni et al. seeks to estimate dyskinesia using accelerometer
data during daily activities, reporting a Pearson correlation within the range of 0.70 to
0.84. In a similar vein, Pfister et al. reports the capability to detect dyskinesias in a free-
living environment, achieving a sensitivity /specificity of 0.64/0.89. Acknowledging the
importance of understanding the symptoms impact on everyday activities, there is clinical
relevance in observing and estimating its occurrence during a hospital stay. When patients
visit the clinic, neurologists adjust dopaminergic pharmaceuticals, leading to the frequent
appearance of LID [3,13]. Monitoring these side effects during hospital admission could
provide insights into the symptomatic fluctuations of patients, potentially aiding in the
determination of the optimal drug dosage for individuals and supporting clinicians in
addressing LIDs before patients are discharged. Sieberts et al. conducted a study referred
to as the DREAM Challenge, which aligns with this suggestion by identifying biomarkers
linked to tremor, bradykinesia, and dyskinesia in PD. Utilizing public datasets, the DREAM
Challenge aimed to predict the severity of PD symptoms, resulting in an AUPR (area under
the precision-recall curve) of 0.48 specifically for dyskinesia [9].

Subsequently, we encourage the implementation of a novel monitoring setup specif-
ically designed for dyskinesias emerging during hospital admission. Additionally, we
propose an evaluation of the generalizability of movement data from publicly accessible
datasets to our internally collected hospital data.

Thus, this paper employs two innovative approaches for movement data representa-
tion: one is a purely semantic technique utilizing principal component analysis (PCA) in
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combination with biomechanical feature extraction, and the other is an automatic, serial fea-
ture representation. Following the training of these methods on publicly available datasets
from the Michael J. Fox Foundation (MJFF) [14], our objective was to assess the performance
of the resulting models on our own collected movement data and thus the models” general-
izability. To fulfill our objective, we formulated two intents: (1) investigating the impact
of various movement data representations on model performance and (2) evaluating the
generalizability of machine learning (ML) models from publicly available datasets [14] onto
the PACMAN (Parkinson’s Clinical Movement Assessment) dataset.

2. Materials and Methods
2.1. Data
2.1.1. Public Datasets

We used two distinct and publicly available datasets from the MJFF: the Levodopa
Response Study (LRS) and the Clinician Input Study (CIS-PD) [14,15]. Both studies aim to
measure movement symptoms and their fluctuations of PD by means of accelerometers
and according to the Unified Parkinson’s Disease Rating Scale (UPDRS). These datasets
were always retrieved together and referred to as MJFF dataset.

The LRS includes 28 patients diagnosed with PD that were monitored both in-clinic,
where they engaged in a battery of standard activities, and at home while performing their
daily activities. While the primary focus of the study is to comprehend motor fluctuations,
patients were measured over four consecutive days with accelerometers. On the day of
admission, UPDRS assessments were conducted at the clinic while patients were still on
regular dopaminergic medication. Over the next two days, patients were released home,
where they could carry out regular activities. On the last day, patients returned to the clinic
and underwent similar UPDRS tests without any dopaminergic treatment [14].

The CIS-PD was a 6-month longitudinal investigation involving wearable tracking
for 51 PD patients. The study encompassed clinic visits and at-home monitoring using
smartwatches. Following the baseline assessment, in-clinic visits were scheduled at 2 weeks,
1 month, 3 months, and 6 months. During these visits, clinicians conducted standard clinical
assessments and reviewed data recorded at home. Between the hospital visits, the patients
were asked to continue wearing their smartwatches and regularly report symptom severity
and medication intake using a mobile phone app [15].

2.1.2. Data Collection of Our Own Movement Data (PACMAN)

PD patients admitted at the Department of Neurology at the University Medical
Center Hamburg-Eppendorf (UKE) stay a minimum of two weeks during an inpatient
care program, known as the Parkinson-Komplexbehandlung (PKB). A multidisciplinary
team, including neurologists, physiotherapists, neuropsychologists, and other paramedical
specialists, is dedicated to a patient-centered and individualized clinical approach in
search of the optimal therapy [2,15]. This setting presents a distinctive opportunity for the
continuous gathering of accelerometer data, accompanied by task-coupled severity scoring.

During our own 4-month clinical data collection, we raised 7 different standardized
clinical examinations according to the third part of the Unified Parkinson Disease Rating
Score (UPDRS 1III) per visit. An experienced neurologist decided on the examination criteria
relevant for our hypothesis to detect dyskinesias during hospital admittance. The neurolog-
ical task was required to not only be significant for the detection of upper limb dyskinesia
but also measurable by a wrist-worn device. Hence, we decided on alternating hand move-
ments, which include the supination and consequent pronation of the most affected hand
(UPDRS 3.6). Further, we assumed that this periodic movement is projectable by semantic
data representation and thus offers potential for clinically relevant feature extraction.
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Each patient underwent a minimum of two daily visits over a span of up to two
weeks, mirroring the duration of the PKB program [2]. During the initial consultation,
the physician provided each patient with the watches and conducted the necessary setup
each morning. Subsequently, the UPDRS 3.6 task was assessed, and the corresponding
timestamp was annotated for accurate measurement. To ensure consistent data quality, the
physician verified that the watch was worn tightly and in the correct orientation during each
labeled assessment. The watch remained on the patient’s most affected side, continuously
capturing accelerometer data until the physician’s return in the afternoon.

This non-interventional prospective cohort study used the accelerometer of an Apple
Watch Series 6. The resulting dataset, further referred to as PACMAN, comprises movement
data along with timestamped labels indicating symptom severity. The entire data collection
transpired within the framework of clinical routine at an inpatient unit of the UKE and
was carried out in accordance with relevant guidelines and regulations (Declaration of
Helsinki). Written informed consent for the study was obtained from all participants and
an approval from the Ethics Commission of the Arztekammer Hamburg under the ID
2022-100846-BO-ff was granted beforehand.

2.2. Uniform Data Infrastructure

To achieve our goal of robustly detecting motor fluctuations, it was imperative to es-
tablish an infrastructure that could seamlessly integrate into clinical settings. This need was
met by implementing a database adhering to the Fast Healthcare Interoperability Resources
(FHIR) standard, ensuring the consistent storage and retrieval of movement data [16]. All
acquired movement data is systematically deposited into the FHIR database, serving as
an objective for subsequent comparative analyses. Once stored, a custom-designed data
loader facilitates the retrieval of all measurements, allowing for tailored specifications and
consistent loading of the requested data. Our team devised this uniform data architecture
in a preceding project, with comprehensive details published elsewhere [16].

The process of obtaining all stored movement data involves a crucial consideration
regarding the length of measurement samples. In the realm of sequential health data
analysis, the term window size refers to the duration in which the data is examined.
Given that different measurements possess unique recording lengths, the sample’s window
size can be of standardized length or dynamic. Opting for a predefined length ensures
straightforward cross-database compatibility but may result in an exclusion of shorter
measurements. Thus, setting the window size to a smaller value may omit a necessary task
characteristic in some samples [17]. Therefore, we retain the full duration of each task as
observed in the clinical setup and store them as variable-length samples. All subsequently
chosen methods were selected to be compatible with this kind of temporal data with
varying lengths. To further ensure comparability across sessions and participants, we
applied a global rotation to compensate for the different coordinate systems of the chosen
wearables. Since each sample was labeled in its entirety by a clinician, it is important to
preserve the full temporal context. Subsequent classification directly relies on these clinical
labels and thus benefits from maintaining the integrity of the original task as far as possible.

2.3. Data Representations

Representing movement data is crucial for its adequate analysis. A data representation
is a way of encoding information into a format interpretable by an algorithm without
losing significant meaning. Therefore, the selected representation format should align
with the inherent characteristics of the measured data. Employing an appropriate data
representation facilitates the extraction of meaningful features during preprocessing. The
resulting features are, in turn, used to train our models for the detection of dyskinesias. We
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opted for two distinct techniques of data representation that maintain the structure of the
acquired accelerometer recordings.

2.3.1. Semantic Representation: PCA and Biomechanical Features

As movement data is recorded in a three-dimensional space by accelerometers, a
reduction in dimensionality is amenable to visualization and analysis through human
interaction. Given our focus on the alternating hand movements, we assumed that this
periodic movement should be prominent in the data. This unique characteristic provides
an opportunity for the representation of multi-dimensional movement data using semantic
approaches. To reduce the complexity of our data, while still respecting the activity on each
axis, we utilized a PCA.

PCA was applied to project the tri-axial accelerometer data into a single principal
component, yielding a one-dimensional representation of movement over time. This projec-
tion facilitates semantic feature extraction, where distinct movement characteristics can be
interpreted in a way that mirrors clinical assessment. As depicted in Figure 1, this allows
clinicians and researchers alike to identify meaningful signal patterns, such as oscillation
symmetry or amplitude modulation, using a reduced yet expressive representation.

Time (s)

Figure 1. An exemplary segmented measurement. The blue segments have their extremum smaller
than 0 and the orange segments show an extremum larger than 0. This segmentation is used for
feature analysis.

Our semantic feature extraction follows the methodology introduced by Sanchez-
Ferndndez et al., who identified 20 biomechanical features as particularly relevant for
characterizing the alternating hand movement task (UPDRS 3.6) [18]. Their analysis,
however, relied on multimodal sensor input (accelerometer, gyroscope, magnetometer).
Since our dataset comprises only accelerometry data, we selected a subset of 9 clinically and
technically interpretable features that can be derived robustly from this modality. These
were selected through expert-driven, domain-specific relevance. The selected features are
as follows:

e  Feature for entire measurement:
O Absolute mean of extremum
e  Features for each part:
Number of segments comprising each part
Duration ratio of each part
Mean duration of each part
Interquartile range of each part
Relative maximum mean of each part
Relative maximum interquartile range of each part
Relative minimum mean of each part

OO0OO0OO0O0O0OO0O0o

Relative minimum interquartile range of each part
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Next, to respect characteristic events of each individual measurement, we divided each
sample into three distinct parts for the beginning, middle, and end. These parts are further
divided into equally enduring segments. Figure 1 shows an example measurement with
segments marked in orange or blue, defined by either the segment’s maxima or minima,
respectively. This segmentation was crucial for capturing temporal variations within the
movement, such as oscillatory or acceleration changes, which are diagnostically relevant in
Parkinson’s disease.

2.3.2. Automatic Feature Extraction

In our alternative representation method, we utilized an automatic time-series feature
extraction tool, further referred to as tsfresh, to automate the complex process of time-series
engineering. Instead of human guidance, the Python library (Version: 0.20.1 on Python 3)
identifies features by considering different algorithms of signal processing and time-series
analysis to extract over 3000 features from temporal structured data [19]. This vast amount
of mostly interpretable features is then systematically reduced through statistical tests.

As the automatically feature extraction can be applied on both the original three-
dimensional as well as the reduced data, we considered three ways of movement data
representation: (1) a fully semantic technique consisting of PCA and biomechanical feature
extraction, (2) the PCA combined with the automatic feature extraction, and (3) automatic
feature extraction only.

2.4. Training of the ML Models

Each of the three representation techniques yields distinctive features for the measured
UPDRS task. A vast amount of these features, especially the numerous automatically
extracted features, are not relevant to our research question. However, to identify an
optimal ML model that maximizes performance based on only meaningful features, we
aimed to determine the best combination of each representation with available models.
The core component of the resulting data pipeline is the classifier, a predefined algorithm
that assigns labels based on the provided features. To identify the classifier’s highest
performance, we integrated every possible combination into a grid search that predicts on
the MJFF dataset.

A grid search is a systemic hyperparameter optimization that finds the optimal con-
figuration of meaningful features, the classifier, and its hyperparameters by training each
model separately [20]. Our implemented grid search used a stratified 10-fold cross valida-
tion prepared for imbalanced data [21]. We considered (1) a feature selector to find the ideal
count of relevant features, (2) an oversampling technique to equalize for underrepresented
labels (SMOTE) [22], and (3) different classifiers with numerate possibilities of their hyper-
parameters. As for the selection of parametric and non-parametric classification algorithms,
we compared the performance of a logistic regression, a k-nearest neighbors’ classifier, a
random forest classifier, a support vector machine, and a gradient-boosting classifier.

2.5. Evaluation of the Resulting ML Models

Next, we determined the ten best-performing combinations of classifiers, selectors,
and samplers for each of the three methods of feature representation on the MJFF dataset.
The grid search results were ranked by the unweighted F; score, calculated as the arithmetic
mean of all per-class F; scores. By combining precision and recall into a single metric, the F;
score offers a balanced view of the model’s performance across both classes. Although no
consensus exists on metric selection for clinical relevance in this particular task [11,12] a high
F; score suggests greater reliability in capturing label fluctuations, a critical requirement
for potential therapeutic decision support. In addition to the F; score, the accuracy of each
model’s performance was also computed.
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To ensure robustness of our findings, we conducted a conventional t-test, incorpo-
rating Welch’s modification to accommodate potential variations and to assess signifi-
cant performance disparities among different models. We expressed our outcomes as
mean =+ standard deviation, with a predefined threshold for statistical significance set
atp <0.001.

As a final step, we employed the top 10 models per representation, based on their
unweighted F; performance, and implemented them on our own collected PACMAN
movement data. The assessment of their performance utilized the same metric analysis
and statistical significance to ensure comparability.

3. Results
3.1. The Patient Cohort

Our paper incorporated a total of 27 patients from the LRS dataset, spanning an age
range of 50 to 84 years, with an average age of 67 years (+9 years). We included an average
of 51 dyskinesia measurements (£9 measurements) per patient. Additionally, we included
24 patients from CIS-PD, with an average age of 63 years (£10 years), ranging from 36 to
75 years. Here, we used 12 dyskinesia measurements (+3 measurements) per patient on
average. Finally, our in-clinic data collection contributed 25 patients, with an average age
of 65 years (£8 years) and a range from 49 to 84 years. The PACMAN dataset incorporates
an average of 3 dyskinesia measurements (£2 measurements) per patient.

3.2. Data Integrity

The presented data sources originate from distinct sites and were designed for different
purposes. Nevertheless, they share comparability in terms of sensor type, demographics,
neurological assessments, and disease-related intention of recording. The populations
depicted in all MJFF studies fall within the same age range and undergo recurring hos-
pital care for therapy adjustments. The types of sensors employed are consistent, as all
studies integrate accelerometers, with both CIS-PD and PACMAN even utilizing Apple
Watch devices.

Given that the MJFF studies involve a considerable number of ambulatory accelerom-
eter recordings without precise physician annotations, our exclusive reliance on supervised
labels was necessary to achieve our goal of identifying the most accurate representation
of movement data for dyskinesia detection in a clinical setting. Consequently, all retained
movement data and its corresponding labels are derived from hospital admittance and
adhere to UPDRS standards.

3.3. Performance on Training Datasets

Figure 2 illustrates the confusion matrix of the leading model for each data repre-
sentation on the MJFF studies. This visualization simultaneously presents the assigned
dyskinesia label and the model’s prediction. Hence, the confusion matrix provides a reliable
means to identify instances when a model incorrectly labeled a class. All depicted models
adequately identified the absence of dyskinesia. However, they encountered challenges in
accurately recognizing dyskinesia.

When it comes to the full evaluation of performance, we ranked the predictive out-
comes for each representation by the unweighted F; score. Here, we achieved peak perfor-
mances of 0.68 with both data representations, employing solely automatically extracted
features and the automatically extracted features on the one-dimensional representation.
The semantic representation using PCA and biomechanical features yielded a slightly lower
performance, registering 0.63 for unweighted F;. Accuracies of all three extraction methods
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were as high as 0.89 for each representation. The top five models per representation are
listed in Tables 1-3.

(@) Best model using PCA + biomechanical features (b)) Best model using PCA + tsfresh features (€)  Best model using standalone tsfresh features

4.9%

(a6) NoDyskinesia 4.2%

(39)

4.8%
(45)

True label
True label
True label

26.2%

35.4%
(34) Oyskinesia

(46)

36.9%
(48)

‘‘‘‘‘

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘

]

Figure 2. Confusion matrix of the best-performing models for each representation method on the

MJFF dataset.
Table 1. Results of top 5 models for representation: PCA and biomechanical features on the
MJFF dataset.
Model
Rank — - Macro F, Accuracy
Classifier Selector Sampling Score
1 gradient boosted trees (Ir = 1.0) 10 none 0.63 0.87
2 gradient boosted trees (Ir = 1.0) none none 0.62 0.88
3 random forest 5 SMOTE 0.61 0.89
4 gradient boosted trees (Ir = 1.0) none SMOTE 0.60 0.83
5 k-nearest neighbors (nn = 5) 5 none 0.60 0.88

Ir = learning rate, nn = number of neighbors, SMOTE = Synthetic Minority Over-sampling Technique.

Table 2. Results of top 5 models for representation: PCA and tsfresh features on the MJFF dataset.

Rank — Model - Macro F, Accuracy
Classifier Selector Sampling  Score
1 random forest none SMOTE 0.68 0.88
2 random forest 10 none 0.68 0.88
3 random forest (depth = 5) 10 none 0.67 0.89
4 random forest (depth = 5) none SMOTE 0.67 0.84
5 gradient boosted trees (Ir = 1.0) 10 none 0.66 0.86

Ir = learning rate, SMOTE = Synthetic Minority Over-sampling Technique.

Table 3. Results of top 5 models for representation: PCA and standalone tsfresh features on the

MJFF dataset.
Model
Rank — - Macro F, Accuracy
Classifier Selector Sampling Score
1 random forest 10 none 0.68 0.88
2 random forest (depth = 5) 10 none 0.67 0.89
3 random forest (depth = none) none SMOTE 0.67 0.88
4 random forest (depth = 5) none SMOTE 0.67 0.83
5 random forest (depth = 5) 5 none 0.66 0.88

SMOTE = Synthetic Minority Over-sampling Technique.

Neither the purely semantic technique, nor the automatic feature extraction, alone
or combined, achieved a significant difference compared to each other. Across all per-
formed combinations, the average unweighted F; yielded scores of 0.53 & 0.05, 0.57 & 0.08,
and 0.57 & 0.08 for PCA with biomechanical features, PCA with feature extraction, and
standalone feature extraction, respectively (mean + standard deviation).
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3.4. Generalization into Clinical Setting

While the performance on the public datasets though cross validations might approxi-
mate the generalizability on unseen data, we further tested this claim by utilizing the novel
clinical data collected for this study. Application of the best 10 models per representation
method on the PACMAN validation set yielded nuanced findings. The confusion matrix
of the best model per representation, depicted in Figure 3, shows a similar classification
pattern as on the MJFF studies.

Best model using standalone tsfresh features

(@) Best model using PCA + biomechanical features  (b) Best model using PCA + tsfresh features (c)

0.0%
(0)

24.4%
(10)

nnnnnnnnnnnn

entage

True label
True label
True label

Percy

5.3%
@

34.2%
(13)

skinesia

Oyskinesa  NoDyskinesia Dyskinesia No Dyskinesia
Predicted label Predicted label Predicted label

Figure 3. Confusion matrix of the best-performing models for each representation on the
PACMAN dataset.

The top-performing representation for unweighted F; achieved a score of 0.53, uti-
lizing PCA in conjunction with automatically extracted features. Following this was the
semantic approach with a score of 0.48, and the standalone automatically extracted features
ranked the lowest with a score of 0.40. The top five outcomes per representation of our
generalization efforts are detailed in Tables 4-6, including all the parameters employed.

Table 4. Results of top 5 models for representation: PCA and biomechanical features on
PACMAN dataset.

Rank Model Macro Fy Accuracy
Classifier Selector Sampling Score
1 gradient boosted trees (Ir = 1.0) none SMOTE 0.48 0.54
2 gradient boosted trees (Ir = 1.0) 10 SMOTE 0.47 0.52
3 random forest 10 SMOTE 0.45 0.53
4 gradient boosted trees (Ir = 1.0) 5 none 0.44 0.53
5 gradient boosted trees (Ir = 1.0) 10 none 041 0.51

Ir = learning rate, SMOTE = Synthetic Minority Over-sampling Technique.

Table 5. Results of top 5 models for representation: PCA and tsfresh features on PACMAN dataset.

Rank Model Macro Fy Accuracy
Classifier Selector Sampling Score
1 gradient boosted trees (Ir = 1.0) 10 none 0.53 0.56
2 gradient boosted trees (Ir =1.0)  none none 0.44 0.56
3 random forest 5 none 0.42 0.54
4 random forest (depth = 5) 5 none 0.40 0.54
5 random forest (depth = 5) none SMOTE 0.38 0.51

Ir = learning rate, SMOTE = Synthetic Minority Over-sampling Technique.

Overall, the three methods yielded average unweighted F; scores of 0.42 £ 0.04,
0.39 £ 0.06, and 0.36 £+ 0.02 for PCA with biomechanical features, PCA with auto-
matically extracted features, and automatically extracted features alone, respectively
(mean + standard deviation). Performances of the purely semantic representation were
significantly higher than the automated technique (p < 0.001).



Sensors 2025, 25,4514

10 of 14

Table 6. Results of top 5 models for representation: standalone tsfresh features on PACMAN dataset.

Rank Model Macro Fy Accuracy
Classifier Selector Sampling Score
1 k-nearest neighbors (nn = 5) 10 none 0.37 0.54
2 random forest 10 none 0.37 0.53
3 random forest (depth = 5) 5 none 0.37 0.53
4 gradient boosted trees (Ir = 1.0) 10 none 0.37 0.49
5 random forest (depth = 5) none SMOTE 0.36 0.52

Ir = learning rate, nn = number of neighbors, SMOTE = Synthetic Minority Over-sampling Technique.

4. Discussion

This paper explores ML models for movement data representation, utilizing two
distinct approaches and their combination. We first determined the top-performing models
on the MJFF datasets and then evaluated their performance on our collected test dataset.
Thereby, we were focusing on the impact of movement data representations and the
generalizability of our resulting models for dyskinesia detection as our central hypotheses.

The results demonstrate how a dimensional reduction in movement data informed
by the nature of the task has a positive impact on performance. Irrespective of whether
combined with semantic or automatic extraction methods, the top 10 performing models
incorporate this transformation when applied on our PACMAN dataset. The optimal
performance is observed when the transformation is combined with automatic features.
Nevertheless, the transformation combined with biomechanical features yielded compara-
ble performance. This finding supports the idea that human-interpretable features enhance
the ability of ML techniques to generalize across movement datasets. This finding confirms
that semantically grounded preprocessing can serve as a safeguard against overfitting
while supporting interpretability, a crucial factor in clinical implementation. The models
using unselected features from a single automatic feature extraction generally show better
results during training on the MJFF datasets but fail on our collected PACMAN data. Likely
due to overfitting, it almost entirely fails to detect dyskinesia labels and assigns only two
labels correctly. This underlines the importance of aligning feature representations with
domain knowledge to improve robustness in real-world deployment.

Comparing the two approaches in detail, we observe that automated feature extrac-
tion (tsfresh) offers a wide array of statistical descriptors that may capture subtle signal
characteristics, which contributes to strong performance on the structured and relatively
homogeneous MJFF dataset. However, this approach appears to be less robust when ap-
plied to the clinically diverse PACMAN dataset, suggesting high sensitivity to variability in
sensor noise, wearing conditions, and patient behavior. In contrast, the semantic representa-
tion consistently yields more stable results, even with limited and heterogeneous data. This
suggests that the semantic approach not only improves interpretability for clinicians but
also enhances robustness against real-world variability, which is critical for generalization
across datasets. Therefore, while automated features may excel in high-data or controlled
settings, semantically grounded representations prove more effective in noisy, low-data
clinical environments, where reliability and explainability are essential.

Further, our analysis aligns closely with the performance reported in the DREAM
Challenge, which aimed to identify LIDs on MJFF datasets resulting in an AUPR of 0.48.
However, the latter study did not evaluate distinct data representations nor test gener-
alization on an independent dataset [9]. Previously, the mentioned studies by Hssayeni
et al. and Pfister et al. report higher performances in dyskinesia detection, but their non-
clinical setups are incomparable in terms of the sensor types used or a non-standardized
assessment of dyskinesia [11,12]. Moreover, almost all the presented papers reveal distinct
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metrics, which are incomparable to each other. As each metric analysis is favorable for the
individual intention, these metrics are a challenge to evaluate in terms of comparability.
To this end, we chose the F; score as the principal metric for performance evaluation, as it
balances precision and recall, two properties particularly important in the clinical context
where both false positives and false negatives can impact therapeutic decisions.

While there is currently no universally accepted threshold for the F; score in clinical
ML applications, our observed values (MJFF: 0.68; PACMAN: 0.53) indicate a level of
consistency and reliability that supports potential real-world use.

In order to lay the groundwork for ML generalization to work, standardization is
required. First, the evaluative framework of studies working with supervised ML on
movement data should use comparable and clinically relevant metrics. Analyses of medical
data must account for class-specific performance, as predictions for each class need to be
evaluated separately. Overall accuracy, for example, is insufficient in clinical settings, as
it can obscure the detection of relevant disease phenotypes, particularly in imbalanced
datasets. Secondly, the application of standardized neurological assessments, such as the
suggested UPDRS, should be used. While some publications evaluate activities of daily
living [11], these activities are not sufficiently reproducible and only play a minor role in
therapeutic adjustments. These assessments lay the foundation of the task-specific data
labeling and thus are essential for generalizability.

On the contrary, the data collection approach presented in this paper provides a unique
opportunity to acquire standardized clinical assessments of movement distortions over
a two-week period per patient. The dense data quality obtained per patient facilitates
the detection of dyskinesias in a hospital setting enabling early identification of LIDs for
medication adjustments before the patient is discharged.

Regarding clinical implementation of the presented movement data methodology, the
generalizability of the fully semantic representation suggests great opportunities for future
applications of wearables to detect LIDs during clinical stays. Our primary assumption, that
the periodic alternation between supination and pronation of the hand are well projectable
by a simple dimensional reduction, turns out to be valid. Adhering to clinical expertise
and translating it directly into straightforward data representations suitable for machine
learning algorithms significantly influences the final performance outcomes. Although
real-time analysis was not the focus of this study, the short inference time of our trained
models suggests feasibility for future real-time applications, such as adaptive therapy
monitoring during inpatient stays. The dimensionally reduced representations demon-
strated better generalization on the PACMAN dataset compared to the automatic features,
which overfitted on the MJFF dataset. This supports the value of embedding domain
knowledge into preprocessing pipelines, particularly when data availability is limited, a
common challenge in real-world clinical contexts. The results on the PACMAN dataset
further suggest the enormous potential for a combination of both techniques. Combining
task-specific semantic dimensional reduction with automatic feature extraction may offer
the best of both worlds, as this hybrid approach performed best on the PACMAN dataset.
Both techniques are rooted in the assumption that the UPDRS examination, a clinically
validated neurological scoring standard for over 30 years, provides a robust foundation for
interpreting dyskinesia. Accordingly, the semantic pipeline partially mimics a clinician’s
process of evaluating movement patterns. A multidisciplinary approach between clinical
expertise and data science is imperative for a successful application of this technology
into routine.

However, this technology has its limitations for the detection of dyskinesia due to
its unreliable predictive power. The relatively small size of our PACMAN dataset con-
strains the statistical power of our findings and likely contributes to variability in model
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performance. This study was designed as an empirical step towards estimating minimal
data requirements under clinical constraints, but future work must include larger, statisti-
cally powered datasets. Particularly, an expanded data collection of clinically annotated
measurements is essential for tracking LIDs and assisting clinicians in optimizing therapy.
Perhaps even synthetically generated movement data could provide a foundation to train
and optimize models without the extensive need of gathering patients. Furthermore, com-
parability between datasets and standardization plays a pivotal role for the generalizability
and its coherent ability to detect dyskinesias, as stated previously. Also, it remains unclear
if other neurological assessments that are diagnostically relevant for the dyskinesia detec-
tion can be projected by semantic knowledge. This suggestion is also undermined by the
smartwatch’s limitation to detect movement of fingers or the hand. Nevertheless, the out-
comes of this study demonstrate potential for the development of robust decision-support
systems grounded in semantic principles, particularly in the analysis of clinically recorded
movement data.

5. Conclusions

This paper presents a unique opportunity to gather standardized clinical assessments
of movement distortions over a two-week period per patient, facilitating enhanced dyski-
nesia detection within a hospital setting. The utilization of inbuilt accelerometers in smart
watches provides a stable and convenient solution to track movement distortions in hospi-
talized patients. Our investigation has identified objective movement data representations
conducive to dyskinesia recognition and highlighted the semantic impact on sensor data
analysis, especially when generalizing onto foreign datasets. Notably, semantic feature
representations demonstrated more robust performance than automated features when
applied to real-world clinical data. This robustness stems from their interpretability and
alignment with established clinical rating schemes. The results suggest that semantically
grounded preprocessing may offer a critical advantage in small-data or high-variability
scenarios. Yet, further research with a larger cohort and standardized labeling protocols is
essential to optimize therapy for levodopa-induced dyskinesias. The results of this work
provide evidence of feasibility, suggesting that technology-based measurements have the
potential to serve as supportive tools for comprehending symptom fluctuations during
clinical practice.
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Abbreviations

The following abbreviations are used in this manuscript:

UKE University Medical Center Hamburg-Eppendorf
PCA Principal Component Analysis

tsfresh Time-Series Feature Extractors

LID Levodopa-Induced Dyskinesia

PD Parkinson’s Disease

MJFF Michael J. Fox Foundation

UPDRS Unified Parkinson’s Disease Rating Scale
LRS Levodopa Response Study

CIS-PD Clinician Input Study-Parkinson’s Disease
PKB Parkinson-Komplexbehandlung

PACMAN  Parkinson’s Clinical Movement Assessment
FHIR Fast Healthcare Interoperability Resources
ML Machine Learning

SMOTE Synthetic Minority Over-Sampling Technique
AUPR Area Under the Precision-Recall Curve
DREAM Digital Biomarker Evaluation and Analysis for Mobile Health Challenge
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Abstract. Parkinson's disease management requires accurate clinical scores but
suffers from missing data. Leveraging self-supervised learning, we demonstrate
superior generalization capabilities across populations compared to other well-
established imputation techniques (MIWAE, MissForest, MICE). With the ability
to employ the method already during the data collection and not afterward, the
technology allows more robust data collection in clinical reality.

Keywords. Parkinson's disease, imputation, deep learning, self-supervised learning,
missing value

1. Introduction

As aneurodegenerative disorder without a cure and significant impact on individuals and
societies, managing Parkinson's disease requires careful and ongoing treatment to
mitigate symptoms and maintain quality of life. Measuring motor and non-motor
symptoms is required for tracking disease progression and treatment efficacy. Despite
promising results for applying sensor technologies for movement analysis [1,2], the
current state of the art in the clinical reality remains standardized assessment forms.
One example within neurology is the revision of the Unified Parkinson's Disease
Rating Scale (MDS-UPDRS) [3]. With sections for patients respective their caregivers
and physicians, the form provides ordinal scaled assessments of motor and non-motor
symptoms, commonly rated between 0 as “no symptom” to 4 for “significant symptoms”.
Despite its widespread and validated use, the application of the MDS-UPDRS is not
without its challenges. As an example, missing values are common in ratings due to
different clinical guidelines in hospitals or human error in filling out the sheets. The
considerable effects of missing values when deriving scores are well documented [4].
In this work, we focus on an evaluation of imputation strategies for the missing
values of MDS-UPDRS forms already during the data collection procedure. While
imputation itself is a well-researched area, the algorithms are often employed just before
the data analysis. Utilizing the imputation of missing predictors for scores as a supporting
tool already during treatment is a newer yet promising area [5]. For the specific task of
imputing missing MDS-UPDRS codes, a variety of methods from multivariate
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imputation by chained equations [3] (MICE) over copulas [6] and deep learning-based
autoencoders [7] have been proposed and evaluated. However, the usage within the data
collection process itself has rarely been evaluated to the best of our knowledge.

Given the current popularity of self-supervised learning in modern machine learning,
considering corresponding models for continuous imputations appears attractive. Within
this training paradigm, latent representations are obtained without explicit labels by
deliberately corrupting or masking the training data [8]. The latter training paradigm
resembles the imputation tasks considerably. On the one hand, some authors have shown
evidence regarding the presence of a latent structure behind the individual UPDRS codes
[9]. On the other hand, the additional complexity of deep learning methods is often
considered not beneficial for classical imputation tasks [10]. Within the following, we
will evaluate a deep learning architecture in comparison with well-established
alternatives for their generalizability over scores from different populations as the central
requirement for continuous imputation of missing items on previously unseen subjects.

2. Methods
2.1. Data

We employed a combination of observational and clinical datasets to develop and
evaluate different imputation models. For training purposes, we primarily utilized data
from the Parkinson's Progression Markers Initiative (PPMI), a large observational study
providing comprehensive clinical assessments of Parkinson's disease progression [11].
For validation and hyperparameter optimization, we employed routine data automatically
extracted from the electronic health records of the University Medical Center Hamburg-
Eppendorf (UKE), comprising a substantial number of samples while containing the
inherent noise associated with clinical reality. As a surrogate for the datasets found in
smaller hospitals, we utilized scores from the DREAM challenge [12] as final test data.

2.2. Model architecture

As an existing foundation for our imputation model, we utilized the Masked Encoding
for Tabular Data (MET) architecture [13]. This architecture represents a graphical model
that explicitly considers the influences of variables on each other through attention and
was optimized to learn linearly separable representations from datasets. Trained through
self-supervision, the model reconstructed masked input during training. Treating missing
values as masked, we mainly used standard hyperparameters utilized already by the
authors, while reducing the number of masked values to 10%. The details of the
architecture and hyperparameters can be found in the corresponding publication.

2.3. Training process

All models and baseline methods were trained on the PPMI data. The MET model
utilized the UKE dataset for validation. We utilized a learning rate of 0.001 with a batch
size of 64 and trained for 1000 epochs, implementing early stopping after 20 epochs
without improvement. We conducted automatic hyperparameter optimization of the
network architecture and the value of dropout.
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2.4. Evaluation

For the evaluation, we utilized a subset of the imputation methods and their default
hyperparameters implemented within the HyperImpute package [14]. More precisely, we
choose MIWAE [15] as a deep learning approach, MICE and MissForest [16] as well-
known and explainable methods, and a simple median imputation as the baseline. For
the evaluation of performance, we generated 30 artificial datasets with 10% values
missing at random from the test dataset. We choose the unweighted mean Fi-score to
avoid unmeaningful results resulting from the class imbalance. For testing for significant
performance differences, we employed a t-test with Welch’s modification for potential
changes in variances and set the threshold of statistical significance at p <0.01.

3. Results
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Figure 1. Performance of the different imputation methods measured through the unweighted mean F,-score
on the 30 artificially generated datasets from the test dataset. Our model shows significantly better
performance while classic methods represent a tough baseline. Higher values are better.

In our comparative analysis of the imputation methods (Figure 1), we found notable
variations in performance across the five approaches evaluated. Our model demonstrated
the highest imputation accuracy, achieving a mean accuracy of 0.35 with a standard
deviation of 0.05. Importantly, this performance was significantly better than that of the
well-established MICE method, which achieved a mean accuracy of 0.31 £+ 0.06. Even
median imputation as the simplest baseline yielded a mean accuracy of 0.22 = 0.03 and
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was significantly better than the deep learning-based MIWAE with its mean accuracy of
0.18 = 0.03. In general, the linear models emerged as unexpectedly powerful contenders
in our analysis. We observed that MICE significantly outperformed MissForest, with a
mean accuracy of 0.27 &+ 0.04 compared to 0.23 = 0.03, respectively.

4. Discussion

Our study demonstrates the potential of deep learning architecture learning latent
representations for imputing missing MDS-UPDRS values during the data collection
procedure itself. Leveraging self-supervised learning offers a robust strategy even across
patient populations and diverse cohorts [8]. While the evaluated method statistically
outperformed other imputation techniques in our evaluation setup, those alternative
methods remain valid and offer distinct advantages. For example, MICE demonstrated
impressive performance even in the generalization setup, showcasing both
interpretability and significantly faster training times compared to our deep learning
approach. Nevertheless, MICE does not provide an explicit and potentially linearly
separable representation that could be leveraged for downstream tasks, a unique
advantage of generative models [7].

When comparing our findings to those within the existing literature on imputation
[4,5,10], it is crucial to recognize the differences in evaluation paradigms. While classical
imputation methods are typically fitted on fully collected datasets where missing values
appeared during collection, our methodology focuses on an arguably more challenging
paradigm. We evaluate algorithms based on their ability to generalize to novel
observations during the data collection process itself. These methodological differences
likely contribute to the novel results observed in our study.

Despite the demonstrated strengths of our approach, certain uncertainties require
future work. Firstly, further evaluation of our model's performance on tasks involving
fine-tuning on fully collected datasets with missing values and, accordingly, the
comparison with imputation algorithms in their “native setup.” Additionally, addressing
conditions where values are not missing at random but rather dependent on unobserved
covariates, appears attractive to access the robustness and be comparable to the classical
evaluation of imputation algorithms. Lastly, exploring the utility of the learned
representations for downstream tasks, such as treatment efficacy assessments, holds
promise for its practical application in clinical settings.

5. Conclusions

In conclusion, our study demonstrates the effectiveness and generalizability of learned
latent representations for imputing missing clinical scores related to Parkinson’s research
across different cohorts. The technology might help in designing better systems to obtain
reliable assessments, datasets with minimal missing useful for secondary usage, and
representations useful for downstream tasks without additional effort.
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Abstract

Current machine learning approaches focusing on motor symptoms in Parkinson’s dis-
ease are commonly trained on small datasets and often lack generalizability from devel-
opmental setups to clinical applications. Foundation models using large, unlabeled da-
tasets of healthy participants through self-supervised learning appear attractive for such
setups with limited samples, despite the potential impact of motoric symptoms. Acting as
an exemplar, this study aims to evaluate the robustness of fine-tuned models in recogniz-
ing movements related to motor examinations across datasets and recording setups. Ac-
celerometer data of 51 participants with Parkinson’s disease in three different training and
fine-tuning setups were used to tailor the general model to the disease. Training the model
on pre-trained weights, both partially (F1 = 0.70) and fully (F1 = 0.69), statistically signifi-
cantly outperformed training the model from scratch (F1 = 0.55) in a nested cross-valida-
tion. For evaluation, the model’s ability to process data recorded from 24 patients in clinic
was tested. The models achieved lower mean F1 scores of 0.33 (train from scratch), 0.43 for
full, and 0.48 for partial fine-tuning, but demonstrated improved generalizability and ro-
bustness regarding the orientation of sensors compared to training from scratch. Utilizing
foundation models for accelerometer data trained on healthy participants and fine-tuned
for clinical applications in movement disorders appears as an effective strategy for opti-
mized generalizability with small datasets.

Keywords: Parkinson’s disease; movement data; self-supervised learning; foundation
model; generalizability; human activity recognition

1. Introduction

Parkinson’s disease (PD) is the most rapidly growing neurological disease with a
doubling of its prevalence from 1990 to 2016 [1]. This progressive, neurodegenerative dis-
order is characterized by specific motor symptoms such as bradykinesia, muscle rigidity,
tremor, and postural instability as well as various non-motor symptoms [2]. The disease
progresses with a consecutive change in symptom load, urging a need for thorough clin-
ical reassessment and constant therapy adjustments for effective management [3]. Conse-
quently, for adequate adjustment of therapy, long-term monitoring is advisable. In clinical
routine, the physician usually assesses the patient in the outpatient clinic every 3-6
months and receives only a single moment impression, but no objective measures over
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the last weeks. Using movement data from smartphones, wearables, and related devices
for motor assessments in PD could fill that information gap. Additionally, increasing re-
search activities focus on on-demand, closed-loop stimulation systems to improve PD
symptoms such as deep brain stimulation or biochemical sensing for pharmacological an-
alytics [4,5] on a moment-to-moment basis. There, external wearables appear attractive as
a biomarker of the motor state, e.g., to detect freezing of gait episodes [6]. Accordingly,
device-aided movement tracking has become widespread in research and discussed with
its challenges and opportunities [7].

Optimized for activity recognition, sensor data from accelerometers, gyroscopes, and
magnetometers are commonly used in related studies [8]. Some studies focus on experi-
mental setups in which patients perform specific tasks designed to elicit symptoms, and
these tasks are then assessed automatically [9,10]. Other authors try to derive disease-rel-
evant indicators for monitoring sensor assessments in real-world settings, capturing a
more naturalistic representation of daily activities but without rater-based matching
[11,12]. In both cases, the continuous sensor signal must often be segmented into different
parts of activity, depending on the research question of interest. For example, detecting
freezing of gait only makes sense when a patient is moving, and assessing some items of
the Movement Disorder Society Unified Parkinson’s Disease Rating Scale (MDS-UPDRS)
only makes sense when the related movement is performed. These segmentations them-
selves may have different origins; physicians, scientists, or even patients often annotate
them manually during studies. In real-world data, extracting those segments automati-
cally for healthy participants is possible and is still improved in current research under
the name of human activity recognition. In case of research regarding PD, related work is
more limited; for example, Yue et al. [13] describe a similar setup. Some authors utilize
their own data, while others use existing models trained on public data and assume they
will still perform for patients despite their characteristic motoric symptoms [14].

The Issue of Generalization into Clinical Reality

The limited methodical considerations regarding the precise method for obtaining
the associated activities appear amplified given the requirements regarding the robust-
ness and generalizability of the approaches. This challenge is multifaceted. Firstly, the
overall data volume is constrained. Although efforts have been made to consolidate di-
verse data sources for larger cohorts, the available data remains comparatively limited,
particularly when compared to tasks such as general activity recognition. The problem
becomes even worse as the available samples differ significantly between cohorts. Often,
observational studies with multitudes of measurements recorded in home setups are
based upon self-reported outcomes [15]. Mixing these unsupervised real-world data with
samples recorded and annotated by experienced clinicians will likely increase the in-
cluded variance significantly. Lastly, the missing standardization of sensors, their place-
ments on the body, temporal resolutions, preprocessing methodologies applied to raw
data, and similar technical factors represent a considerable challenge. Designing data-
driven algorithms capable of accommodating these multifaceted challenges and establish-
ing them in clinical reality represents a substantial hurdle [16].

Challenges regarding the amount or quality of labeled data are not limited to the
clinical domain and require methods that can transfer knowledge from larger, sometimes
healthier, populations and datasets. Transfer learning and, more recently, self-supervised
learning [17] allow models to learn generic representations from vast pools of unlabeled
data, which can then be re-used for specialized tasks with limited labeled data—an ap-
proach that has shown promise in the biomedical domain [17-19]. In the context of Par-
kinson’s research with its limited amount of data, some related work has assessed the
methodology for numerous sensory modalities suitable for the symptoms. Based on
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videos, the technology has been used to obtain general gait patterns to assess the gait of
patients with PD [18]. For the same objective, the technology has shown benefits for elec-
troencephalography data [19], voice data [20], brain scans [21], or given extracted skele-
tons [22]. Focused on movement data, the technology proved its use for assessing disease
prognosis [23], for assessing specific motor examinations [24], or for detecting anomalies
of walking and freezing of gait [23,25].

Recently, Yuan et al. [26] demonstrated that self-supervised foundation models pre-
trained on accelerometer data could be fine-tuned to achieve significant improvement in
activity recognition with a limited number of labels. Unlike similar work (i.e., [27]), they
assessed the generalizability of the knowledge not only for healthy patients. While not the
primarily focus of their work, they reported up to 135% performance gain when they fine-
tuned the model instead of training it from scratch on a single dataset with accelerometer
data of PD patients. However, the authors did not address generalizability across multiple
PD datasets with varying recording conditions, sensor placements, and labeling proce-
dures. Such cross-dataset robustness is critical for real-world clinical deployment,
wherein models must cope with substantial between-dataset heterogeneity. Based upon
their seminal findings, the aim was to empirically test two interconnected research hy-
potheses as follows:

1. Fine-tuned foundation models trained through self-supervised learning on accel-
erometer data of healthy participants enhance the recognition of activities associated
with motor examinations conducted by PD patients across datasets and recording
paradigms;

2. The fine-tuned models show increased robustness to varying recording conditions
and different data preprocessing commonly observed between studies.

Through the corresponding findings, the study contributes insights into the potential
usage of “general” representations of accelerometer data for use in PD research and in-
crease robustness regarding the usage of similar systems in clinical reality.

2. Materials and Methods
2.1. Data
2.1.1. Datasets

To evaluate the potential of pre-existing knowledge regarding accelerometer data
derived from healthy participants for the recognition of motor examinations in PD pa-
tients, three datasets were employed. Two publicly available datasets, namely the Clini-
cian Input Study (CIS-PD) [28] and the Levodopa Response Trial [29], were utilized as
instances of observational studies conducted mostly in an ambulant setting [28,30-32].
The third study includes data of motor disturbances from PD patients in the Parkinson’s
Clinical Movement Assessment (PACMAN) study, which was conducted by the Neurol-
ogy Department at the University Medical Center Hamburg-Eppendorf [33].

Data from 24 participants of the CIS-PD study were included with their clinical as-
sessments and recorded ambulatory long-term measurements with hospital visits (4 study
sites in the United States), mainly at the beginning and the end of the trial. While not being
at a study site, participants performed self-assessed ratings via a mobile phone applica-
tion. Patients wore an Apple Watch Series 2 and only tri-axial accelerometer data were
recorded and transferred to a mobile phone application, where a low-pass filter and sum-
mation of absolute acceleration in 5 and 30 s window intervals were performed [28].

The Levodopa Response Trial [29] was conducted on four consecutive days with se-
lected items of the third part of the UPDRS on the first and the last day of the study. Par-
ticipants repeated the tasks 6 to 8 times. The participants wore at least three devices: their
smartphone, GeneActiv and Pebble. All of these devices were worn throughout the entire
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study period, while recording daily activities during the second and third days at the par-
ticipants” homes. The annotated accelerometer data of the GeneActiv device (Activin-
sights Ltd., Kimbolton, United Kingdom [34]), worn on the most affected hand of the pa-
tients (upper limb), were included in the study. The data of these 27 participants were
collected on two study sites in the United States. Further information regarding the de-
vices and study setup could be found in the original publication [30].

As an example of data recorded in an entire clinical setup, sensor recordings of the
PACMAN study originally collected for assessing methods of motor disturbances at the
University Medical Center Hamburg-Eppendorf, Department of Neurology, Germany,
were utilized [33]. In a configuration striving for similarities to clinical routine, a physician
handed out an Apple Watch Series 6 to hospitalized patients with PD and conducted up
to three assessments of seven selected items (3.3 rigidity, 3.4 finger tapping, 3.5 hand
movements (tight fist), 3.6 rotation of hands, 3.9 arising from chair, 3.10 walking (gait),
3.17 rest tremor amplitude) of the UPDRS's third part per day. Those procedures were
repeated while the therapy of the patients was adjusted for a maximum of two weeks. A
total of 24 of these participants available during conduction of this study were included
[33]. All procedures performed in the PACMAN study were in accordance with the ethical
standards of the institutional research committee and with the 1964 Helsinki Declaration
and its later amendments or comparable ethical standards. The collection of measure-
ments from the patients was approved by the Ethics Commission of the Arztekammer
Hamburg with the ID 2022-100846-BO-ff. Informed consent was obtained from all indi-
vidual participants included in the PACMAN study.

The study encompassed 24, 27, and 24 participants of the CIS-PD, Levodopa Re-
sponse Trial, and the PACMAN study, respectively. Table 1 provides an overview of the
participants and available samples for each activity class, revealing a notable variation in
the number of labels across datasets. Particularly, the ambulant observational studies
(CIS-PD and Levodopa Response) amassed up to 17,000 samples for specific labels
through self-assessments. In contrast, the clinic-based study at UKE, involving assess-
ments by a physician, yielded considerably fewer samples.

Table 1. Patient characteristics and absolute number of annotated tasks available for every type of
movement across the different cohorts. The first two studies contain far more measurements while
the third dataset from the clinical domain contains far fewer variables. On the clinical set recorded

at UKE, no tasks were selected while the patient was standing.

Levodopa Be- Clinician Input PACMAN Study
sponse Trial Study
Participants 27 24 24
Age range 50-84 years 36-75 years 49-79 years
Average age (SD) 67 (£9) years 63 (+10) years 65 (+8) years
Rotating hands (UPDRS 3.6) 4912 908 23
Other movements 15,172 3012 36
Sitting 2077 436 66
Standing 2077 418 0
Walking (UPDRS 3.10) 7010 950 135

UPDRS, Movement Disorder Society Unified Parkinson’s Disease Rating Scale; PACMAN, Parkin-

son’s Clinical Movement Assessment.

2.1.2. Data Preprocessing

The datasets represent a collection of the typical paradigms that could be found in
research regarding motor symptoms of PD. To ensure interoperability at least regarding
the format and labels of the accelerometer data, we utilized a unified data structure to
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map all datasets to a common database structure [35]. None of the datasets were specifi-
cally designed for recognizing activities belonging to motor examinations. To obtain
measurements for the different classes of activity, the raw signal was segmented into areas
according to the given activity class labels. We split these areas containing only one kind
of movement into segments of 10 s with a maximum overlap of 50%. This choice was
guided by compatibility with the previous work and to reduce information loss at seg-
ment boundaries. No further preprocessing was conducted to maintain a representative
sample of the measurements recorded in varying recording setups.

In collaboration with an experienced neurologist, we selected four different classes
of activity that are useful for assessing motor symptoms of PD. Besides classical human
activities like standing, sitting, and walking, we included the rotation of hands, as it is
part 3.6 of the UPDRS. All the individual classes of labels between the different datasets
were mapped to these “dataset-independent” classes. Whenever a dataset included a mix-
ture of tasks, like moving from sitting to standing, we excluded those. The remaining ac-
tivities that were of limited interest or unavailable within the other datasets were mapped
to the class “other” and contained mostly a mixture of daily activities like drinking or
writing. The set of those classes represented the foundation for the subsequent analysis.

2.2. Model
2.2.1. Foundation Model

As a recent example of a foundation model for accelerometer data trained through
self-supervised learning, the publicly available model by Yuan et al., based on roughly
700,000 days of movement data from more than 100,000 healthy participants, was chosen
for comparison [26]. This model employs a ResNet-V2 architecture with 18 layers and one-
dimensional convolutions, which processes temporal windows of 10 s at a sampling rate
of 30 samples per second. The model is designed to accept tri-axis accelerometer data as
input, without the necessity for supplementary contextual information. To ensure direct
comparability of results, our study replicated the experimental paradigm reported by the
original authors. After the “embedding layer” with 1024 neurons, a dense layer with 512
neurons and the final output layer with five neurons, each corresponding to a target class,
was added. The Softmax activation function was then applied to obtain class probabilities.

2.2.2. Fine-Tuning the Foundation Model

Depending on the three setups for evaluation, the foundation model underwent
training or fine-tuning within a nested cross-validation framework, utilizing combined
data from the CIS-PD and the Levodopa Response Trial. This process involved five outer
test folds paired with eight inner validation folds, allocating 70% of the dataset for train-
ing, 10% for validation, and 20% for testing. The stratification of folds ensured that no
participant’s data was included in multiple folds, thus preserving the integrity of the eval-
uation. The training sessions explored three distinct learning rates (0.01, 0.001, and 0.0001),
covering a range of reasonable defaults with a fixed batch size of 1024 determined by the
used GPU resources, prototypical for clinical workstations. An early stopping criterion
was employed to halt training if no improvement was observed in the validation set over
50 epochs. To reduce the complexity of hyperparameter analysis, advanced learning rate
adaptation strategies were not implemented. The Adam optimizer facilitated the optimi-
zation process, utilizing cross-entropy loss to reduce the discrepancy between predicted
logits and five target classes.

For evaluation, the multiclass F1 score, defined as the average harmonic mean of pre-
cision and recall across all classes was used. This metric was chosen because it is compat-
ible with the work by Yuan et al. [26]. This metric ranges from 0 to 1, with the latter indi-
cating optimal classifier performance. The Fi1 score on the validation set served as the basis
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for early stopping and as the criterion for selecting the best model weights during training.
During the testing phase, the weights from that point were used to calculate the F1 score
on the test set.

The training was conducted using a single consumer-grade NVIDIA A100 graphics
processing unit, highlighting the model’s potential for straightforward replication and ap-
plication in clinical settings, even with limited computational resources.

2.3. Evaluation

The evaluation was conducted in two consecutive steps guided by the research hy-
potheses. For the first question, the training of an algorithm was simulated as it would be
conducted in a scientific routine. Given the CIS-PD and the Levodopa Response Trial, the
nested cross-validation was used both to obtain a suitable model for the task and an esti-
mate of the performance on unseen data as a measure of generalizability through the in-
corporation of the test sets. For the sake of assessing the influence of learned representa-
tions, the training was run in three paradigms (Figure 1):

e  Training from scratch: The first evaluation was based on training the network from
scratch. In this setup, the pre-trained weights of the self-supervised model were not
used at all. Instead, a random initialization of the network according to the utilized
PyTorch library (version 1.13) took place. Accordingly, the deep-learning architec-
ture is trained as it would be if other data besides the data in the training set were
unavailable. This condition represents the baseline and could be used to study effects
such as the appropriateness of the model structure. However, the risk of overfitting
is high.

e  Partial fine-tuning: The second training paradigm, partial fine-tuning, was based on
training only the last layers of the network for predicting the presence of motor ex-
amination. The remaining layers with their pre-trained weights serve as feature ex-
tractors and were frozen. While the number of parameters requiring training is the
fewest and the risk of overfitting is reduced accordingly, the other layers may not
account for a changed distribution in the input data, given the non-healthy study
population.

e  Full fine-tuning: The third evaluation, the full fine-tuning, consisted of training the
full network while using the existing weights of the foundation model as a starting
point. While the model may fully adapt to the changed input data, previously ex-
tracted representations of movements could be reused. However, overfitting might
affect the performance on unseen data, given the size of the network and the few
training samples.

For all the paradigms, we assessed the potential positive impact of utilizing the
learned representations for the chosen task of recognizing the motor examinations.
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Figure 1. Overview of the evaluation procedure to test for the impact of different fine-tuning para-
digms. PACMAN, Parkinson’s Clinical Movement Assessment.

The second hypothesis was tested regarding increased robustness to varying record-
ing conditions by testing the model against the clinical data (PACMAN). As one would
expect given the heterogeneous datasets, the dataset did not contain measurements for
the label “standing”. Subsequently, the obtained performance was compared to those es-
timates derived through the test folds in the previous analysis. Instead of relying on ad-
ditional metrics besides the F1 score, the resulting confusion matrices were analyzed di-
rectly.

Besides this testing for generalizability between the recording environment, the im-
pact of the recording setup, like the orientation of the sensor or scale of the data, was
investigated. This was inspired by typical incompatibilities previously identified [35]. For
that, the clinical PACMAN dataset was deliberately modified to generate two additional
modified datasets. Through a simple linear transformation, the reported recordings ac-
cording to the standardized SI unit and the common “g unit” (scaled dataset) were simu-
lated. Additionally, the measurements from different cohorts were aligned, given the axis
explaining most variance during the walking tasks, calculated through a principal com-
ponent analysis [36] (rotated dataset) for measuring the impact of the orientation of the
device.

2.4. Statistical Analysis

A classical t-test, with Welch’s modification to account for potential changes in vari-
ances, was employed to test for significant performance differences between different
models. Results are presented as mean + standard deviation, and a threshold of statistical
significance was set at p < 0.001 to ensure robustness of the findings.

3. Results
3.1. Impact of Training Procedures for Fine-Tuning

The trained models, when evaluated on the test folds during the nested cross-valida-
tion, exhibited average F1 scores of 0.55 + 0.06 when trained from scratch, 0.70 + 0.02 when
partially fine-tuned, and 0.69 + 0.09 when fully fine-tuned, respectively (mean + standard
deviation). Across all experiments, models trained from scratch converged in an average
of 144 + 66 epochs, while partially and fully fine-tuned models required 128 + 47 and 137
t 62 epochs, respectively. Supporting the first hypothesis, training the model on pre-
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trained weights, both partially and fully, statistically significantly outperformed training
the model from scratch.

3.2. Influence of Learning Rate for Fine-Tuning

The impact of learning rates during evaluation differs significantly (Table 2). When
comparing learning rates of 0.0001, 0.001, and 0.01, training from scratch resulted in aver-
age F1 scores from 0.52 to 0.59. The peak performances on the test folds were obtained
during full fine-tuning with scores above 0.58. In this case, the smallest learning rate was
significantly better suited than the other cases. In partial fine-tuning, the effect of the learn-
ing rate was effectively mitigated and the performances were highly comparable (Figure
2). The frozen weights in the latter setup appear to let most of the models reliably converge
to slightly sub-optimal values.

Table 2. F1 scores for the three learning rates on the two observational studies combined across the

different training paradigms.

Learning Rate F1 Score (+SD)
From scratch  Full fine-tuning  Partial fine-tuning
0.0001 0.52+0.04 0.78 +0.02 0.70 £0.02
0.001 0.59 +0.04 0.70 +0.04 0.71+£0.02
0.01 0.54 + 0.06 0.58 +0.07 0.70 +0.02

F1=1 corresponds to the optimal performance.
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Figure 2. The impact of the learning rate on the two observational studies combined across the
different training paradigms. When trained from scratch, the model failed to achieve a reasonable
performance on the validation set. For the fine-tuning paradigms, the influence of the learning rate
was higher (in full fine-tuning) or lower (in partial fine-tuning). F1 = 1 corresponds to the optimal

performance. The dotted lines indicate the quantiles of the data.

3.3. Assessing the Robustness and Generalizability of the Clinical Dataset

In the literature regarding motor symptoms, the obtained test score within (nested)
cross-fold validation is commonly treated as an indicator of the proposed method’s gen-
eralizability. To assess the effects of representations encoded within the foundation model
for generalization in clinical setups more realistically, the models were applied to the
PACMAN dataset. There was a considerable drop in absolute performance compared to
the test folds’ performances. The trained models achieved mean F1 scores of 0.33 + 0.06
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when they were trained from scratch on the observational data, 0.43 + 0.09 after being
fully fine-tuned, and 0.48 + 0.04 after partial fine-tuning (Figure 3).

In terms of relative performance difference, the fine-tuned models demonstrated con-
siderably better generalization capabilities compared to the model trained de novo. Build-
ing upon representations learned from healthy participants resulted in statistically signif-
icantly better performance, commonly between 15 and 25%. Depending on the chosen
fine-tuning paradigm, the learning rate had varying influence; a learning rate too large,
when all weights could be modified, appeared to overwrite the previously learned repre-
sentations completely, leading to similar performance as models only trained on the orig-
inal data. When overfitting was not possible due to freezing most of the weights, the learn-
ing rate did not make a significant difference.

For a more comprehensive understanding than afforded by singular evaluation met-
rics, Figure 4 provides a visual depiction of the confusion matrices on the clinical dataset.
For each training paradigm, the model with the highest score on the test folds of the ob-
servational dataset was chosen and applied to the data from the clinic.

While the sample size of the data recorded in a clinical context might be small com-
pared to other similar datasets, some differences are observable. When considering the
three distinct training paradigms, movements inherently present in the foundation model,
such as walking, were consistently well recognized in the fine-tuned models. For move-
ments not explicitly familiar to the model, such as hand rotation, the selected models ex-
hibited no discernible advantages. While the dataset did not contain any samples of stand-
ing to mirror the differences in available labels across related datasets, this did not con-
tribute to a large fraction of the wrongly classified activities.
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Figure 3. The performance of the models trained on cohort studies when applied to PACMAN as
the test dataset for different learning rates and training paradigms. Despite the learning rate, the
fine-tuned models show significantly better results than the models trained from scratch. F1=1 cor-

responds to the optimal performance. The dotted lines indicate the quantiles of the data.



Sensors 2025, 25, 5523 10 of 16

Ground truth

Rotating hands

From scratch Full fine-tuning

Partial fine-tuning

-60

Standing

Sitting

Walking

Other

Predicted label Predicted label Predicted label

Figure 4. Confusion matrices of the best-performing models on the test folds from the three different
training setups. The classes of the ground truth specify the correct class, while those below
correspond to the prediction. Accordingly, an optimal classifier would only have values on the
diagonal.

3.4. Evaluating the Robustness According to Recording Setups

To assess the models’ robustness regarding technical changes in recording setups be-
yond the nature of the study, the test sets were modified as described in the methods
section to simulate measurement data in different units and rotated sensors. The results
are provided in Figure 5.

Learning rate = 0.0001 Learning rate = 0.001 Learning rate = 0.01

Training paradigm
=1 From scratch
1 Full fine-tuning
Partial fine-tuning

Original Scaled Rotated Original Scaled Rotated Original Scaled Rotated

Dataset Dataset Dataset

Figure 5. The performance of the models trained on the cohort studies when applied to the PAC-
MAN as the test set for different learning rates and training paradigms. While all models show a
considerable drop in accelerometer data of a different unit, the fine-tuned models show significantly
better results when the sensor is artificially rotated. F1 =1 corresponds to the optimal performance.
The dotted lines indicate the quantiles of the data.

All training paradigms exhibited significantly lower performance compared to the
original data when confronted with the linearly scaled dataset, a simulation mirroring the
discrepancy between the “g unit” and the SI unit for accelerometer data. However, the
fine-tuned models showed similar (or sometimes even slightly better) performance when
the data was rotated to simulate a sensor with a different orientation. The only exception
to this was the fully fine-tuned model optimized with a high learning rate, which appar-
ently overfitted the data and lost its advantages of the learned representations in compar-
ison to a model trained from scratch.
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4. Discussion

The limited amount of data and the disparate recording setups between studies fo-
cusing on motor symptoms of PD pose significant challenges for the sustainable develop-
ment of the area of research. Enhancing the generalizability of proposed approaches is
crucial for transitioning solutions from laboratories to clinical settings. The goal of this
study was not to differentiate movements of PD patients from those of healthy controls,
but rather to recognize specific motor examination activities in PD patients, benefitting
from robust, generalizable movement representations learned on large healthy cohorts
across different datasets.

4.1. Benefits of Utilizing Data from Healthy Participants for Movement Disorder Research

In line with the previous research by Yuan et al. [26], fine-tuning foundation models
previously trained on accelerometer data originally collected from healthy participants
significantly improved the classification of movements associated with tasks performed
by PD patients. Despite the inherent differences in movement patterns between both pop-
ulations, employing pre-trained weights within the deep learning framework resulted in
performance improvements on test folds of up to 25% compared to training models solely
on disease-specific datasets. However, this improvement over multiple training and vali-
dation datasets is significantly lower than the reported performance in the case of a single
dataset. This finding highlights the danger of overfitting to the specific recording condi-
tions and is evident in the choice of the hyperparameters, too. While the best performance
was observed in the entirely fine-tuned model, the training process and its associated hy-
perparameters, like the learning rate, must be tightly observed to not “overwrite” the pre-
vious knowledge and overfit. Forcing the model only to adopt the parts responsible for
classification efficiently reduced the danger of overfitting; however, it did not result in the
best possible performance. The finding that the choice of learning rate critically affected
performance, especially in full fine-tuning, likely reflects the interplay between step size
and convergence landscape. Larger learning rates may have caused the optimization to
miss global minima or become trapped in local minima, particularly given the limited
data and early stopping strategy.

Given the computational efficiency of this approach, the additional complexity of the
training setup does not pose a significant barrier for adoption in clinics. Even considering
the resource-intensive nature of the meta-analyses in this study due to nested cross-vali-
dation, the process of fine-tuning a single network is manageable with a consumer-grade
GPU, making it accessible and feasible for widespread use for related problems in hospi-
tals.

4.2. Evidence for Increased Robustness Regarding Recording Setups

This study’s findings suggest that the increased robustness not only holds during
cross-validation but also when tested on a dataset recorded within the clinic. The observed
degradation in performance was even larger than anticipated given the results on the test
folds, prompting caution when interpreting results from nested cross-validation as accu-
rate estimates of generalizability. Despite this, the generalized representations provided
by fine-tuned models yielded significantly better results than models trained solely on
disease-specific data. Specifically, the fine-tuned models demonstrated a 15-20% im-
provement over the scratch-trained models. The findings suggest that the performance
“scales” between different setups. The relative differences between training paradigms
and learning rates remained relatively consistent, indicating that optimization on the val-
idation set could translate effectively to better results even across different datasets. This
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property is highly advantageous, suggesting that effective cross-validation can guide bet-
ter model tuning even across varying data conditions.

The model’s robustness to artificially induced sensor rotations is encouraging, sug-
gesting that representations learned by the foundation model may encode invariant fea-
tures across axis permutations and device placements, a desirable property for real-world
wearable deployments. By contrast, performance degradation during testing unit scaling
(simulating changes from “g unit” to SI unit) likely indicates sensitivity to absolute input
magnitude distribution. Accordingly, improved interoperability remains necessary.
When models are trained from scratch, they do not exhibit this robust behavior, further
providing evidence for fine-tuned models’ capability to generalize under varied recording
setups. However, it must be noted that orientation robustness was assessed using mathe-
matically simulated data, which may not fully replicate the complexity of human-worn
sensor placements in uncontrolled environments. Future studies should consider explic-
itly collecting datasets with known, systematically varied sensor orientations.

4.3. Utility of the Proposed Model for Recognizing Motor Examinations

To reduce the number of possible confounders for the analysis, a rather simple ap-
proach towards recognizing motor examinations was chosen. Despite the challenges of
classifying specific movements such as hand rotation, which were not familiar to the
model, the classification of movements like walking and sitting — prevalent in the data by
the healthy participants used for training the model —was more successful despite the
associated motor symptoms. This supports the use of large-scale pre-training for devel-
oping more reliable clinical monitoring tools. The absolute performance obtained through
fully fine-tuning the model and testing it on the clinical data is certainly a valid starting
point, but further improvements must be considered before applying such a model in the
clinical context. Naturally, the obtained labels extracted from small windows should be
aggregated given a meaningful temporal context, i.e., through the usage of attention
mechanism. The selection of suitable targets remains important given the apparent chal-
lenges for complex movements resulting in the higher misclassification rates for the class
“other”, as reflected in the off-diagonal elements of Figure 4's confusion matrices. Overall,
the utilization of data from healthy participants led to significantly better results and
should likely be utilized in similar challenges.

4.4. Limitations and Future Work

Given the obtained insights within this study, we are certain that re-using the repre-
sentation of accelerometer data will be more often used for tasks related to motor symp-
toms of PD. However, in the context of generalizability being the special focus of this
work, some limitations should be considered in future work.

Firstly, the investigation focused on a single foundation model for accelerometer data
chosen for its technical soundness, state-of-the-art performance, and computational effi-
ciency. Future research could explore a variety of foundation models to further improve
generalizability and performance. The large search space for optimizing hyperparame-
ters, such as learning rates, batch sizes, and optimizers, poses a challenge. Optimization
of the model architecture should be considered, too. While only two layers were trained
in the partial fine-tuning setup to minimize overfitting, adding more layers may yield fur-
ther improvements. Advanced transfer learning strategies, such as gradual unfreezing,
adapter layers, or per-layer learning rates, should also be considered. Although this study
addressed learning rates specifically due to their significant impact, future studies with
greater computational resources might explore a broader range of hyperparameter con-
figurations. Existing literature may already provide the first hints for such an optimized
implementation [37].
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Furthermore, this study concentrated on accelerometer data, a representative yet not
exclusive modality for analyzing movement disorders. Incorporating additional sensor
modalities, such as gyroscopes or magnetometers, in a multimodal framework, may fur-
ther enhance performance. Additionally, considering temporal segments beyond fixed
lengths could offer better real-world applicability, potentially combining multiple predic-
tions into a unified score through additional post-processing steps.

5. Conclusions

In summary, the use of foundation models for accelerometer data holds the potential
to significantly improve the performance on movement-related tasks in PD across record-
ing setups. In the specific example of recognition of motor examinations under study, the
additional knowledge embedded through self-supervised learning always led to signifi-
cantly better results despite the presence of motor symptoms. The technology significantly
improved the robustness of the approach despite discrepancies between observational
and clinical datasets and recording variations. While it cannot entirely resolve all gener-
alizability issues, it provides a meaningful step towards more robust, clinically applicable
models. Continued research and development, focusing on broader datasets and diverse
model architectures, will be essential for bridging the remaining gaps in research regard-
ing motor symptoms and bringing these advancements into clinical routine.
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7 Summary in English

This cumulative dissertation investigates how the opportunities presented by rapidly
expanding health data can be effectively realized in clinical research and care, using
Parkinson’s disease as its main focus. While the volume and diversity of health data
have grown exponentially, driven by digitization, novel data sources, and patient
participation, these developments pose new challenges in terms of data quality, inte-

gration into existing systems, and the generation of actionable clinical knowledge.

Within the included publications, multiple approaches to interoperability are ex-
plored, including the prospective design of digital tools for standardized collection
of patient-reported outcomes, retrospective structuring of clinical documents using
vision-language models, and the harmonization of wearable sensor data. The imple-
mentation of a research platform further demonstrates how secure, standards-based
secondary data use enables hypothesis-driven analysis on large clinical cohorts while
ensuring privacy. Building on the interoperable data, the thesis explores analytic
strategies to improve the robustness and generalizability of machine learning models.
Both approaches, grounded in clinical knowledge and transfer learning techniques,
are evaluated for their capacity to enable effective reuse of data and models across
diverse datasets and tasks.

In summary, the dissertation provides concrete evidence that robust digital infras-
tructures, a systematic focus on interoperability, and the integration of clinical exper-
tise with machine learning methods are crucial for developing reliable and adaptable
models in healthcare. Although ongoing challenges remain, particularly in integrat-
ing multimodal data and advancing data standards, the solutions outlined here offer
practical pathways toward scalable, reproducible, and clinically meaningful informat-

ics within contemporary hospital settings.



8 Summary in German

Diese kumulative Dissertation untersucht, wie die wachsenden Menge an Gesund-
heitsdaten mit Bezug zu Parkinson effektiv genutzt werden kann. Wahrend deren
Volumen und die Vielfalt durch die Digitalisierung, neue Datenquellen und die Be-
teiligung von Betroffenen zunehmen, stellen diese Entwicklungen zugleich neue Her-
ausforderungen beziiglich Datenqualitit, Integration in bestehende Systeme und der
Generierung von nutzbaren klinischem Wissen dar.

In den enthaltenen Publikationen werden technische Ansitze zur Interoperabilitét
untersucht, darunter die prospektive Entwicklung digitaler Werkzeuge zur standardi-
sierten Erfassung patientenberichteter Endpunkte, die retrospektive Strukturierung
klinischer Dokumente und die Harmonisierung von Sensordaten aus Wearables. Die
Implementierung einer Forschungsplattform verdeutlicht dartiber hinaus, wie eine si-
chere, standardbasierte Sekunddrnutzung von Daten eine hypothesengesteuerte Ana-
lyse grofler klinischer Kohorten unter Wahrung des Datenschutzes ermoglicht. Auf-
bauend auf den interoperablen Daten werden dann Methoden evaluiert, um die Ro-
bustheit und Generalisierbarkeit von Machine-Learning-Modellen zu verbessern. So-
wohl klinisch motivierte Ansitze als auch Techniken des Transfer-Learnings werden
hinsichtlich ihres Potenzials bewertet, eine effektive Wiederverwendung von Daten
und Modellen iiber verschiedene Datensidtze und Anwendungsfelder hinweg zu er-

moglichen.

Zusammengefasst liefert die Dissertation konkrete Nachweise, wie durch robuste di-
gitale Infrastrukturen, ein systematischer Fokus auf Interoperabilitit und die Kom-
bination klinischer Expertise mit Methoden des maschinellen Lernens zuverldssige
Modelle im Gesundheitswesen entwickelt werden kénnen. Obwohl weiterhin Her-
ausforderungen bestehen, weisen die dargestellten Losungen praxisnahe Wege zu
skalierbaren, reproduzierbaren und klinisch relevanten Erkenntissen im modernen

Krankenhausumfeld auf.
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