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The multidisciplinary topic of this thesis 

Since deep brain stimulation (DBS) has been introduced as a ‘last resort’ treatment for advanced 
Parkinson’s disease (PD) patients in the late 1980s1, it has become an accepted and successful 
treatment for both severe and early motor symptoms2–5. Despite advances in scientific and clinical 
knowledge, the current DBS outcome for PD leaves room for improvement: 1) not all PD patients 
experience a satisfying motor response 3,6, and 2) not all patients show a constant satisfying 
balance between beneficial motor response and adverse effects7,8. 
The work in this thesis aims to improve the current DBS practice for PD in two different ways. In 
part A, we will discuss the development and validation of a novel preoperative prediction 
methodology that identifies which PD DBS-candidates are at risk of a not-satisfying motor 
response. In part B, we aim to improve motion sensor-based PD monitoring. In particular, we 
focus on monitor validity in patients’ real-life environment, with specific attention for 
characteristics required for motion sensor-based DBS-optimization.  
 
The multidisciplinary work in this thesis combines neurosurgical and neurological experience, with 
knowledge and skills from computational sciences and clinical data science (figure 1). This 
multidisciplinary approach is both promising and challenging at the same time. Promising, 
because technological and computational advances, often generalized as artificial intelligence 
(AI), offer new possibilities to collect and analyze data, and therefore to answer clinical 
neurological questions9. Challenging, because only a small part of AI-research is actually 
implemented in clinical practice. Mateen et al suggest the latter can be overcome by conducting 
multidisciplinary research following recent guidelines10, and by considering the full translational 
circle from clinical question, via computational data-driven problem-solving, to utilization in 
clinical practice11. 
 
The next paragraphs of this introduction will provide the 
reader with a brief, but nonetheless complete, introduction 
of the multidisciplinary knowledge required to interpret the 
scientific content of this thesis. Paragraph 2 provides clinical 
knowledge on the etiology, symptomatology, symptom 
monitoring, and therapy of Parkinson’s disease. Paragraph 
3 focusses specifically on motion sensor monitoring for 
Parkinson monitoring. Basic clinical data science concepts 
used in both parts of the thesis are introduced in paragraph 
4. The problem statements of this thesis are outlined per 
chapter in paragraph 5. 
 
Figure 1: Definition of clinical data science according to the Conway Venn diagram. Research which combines 
the three visualized skills and competences can be defined as clinical data science. The clinical component is 
specified for the work in this thesis.  
 

1. Parkinson’s disease  
 

1.1 Etiology, anatomy, and pathophysiology  
The clinical manifestation currently known as Parkinson’s disease (PD) was first described in 1817 
by James Parkinson in his ‘Essay of the shaking palsy’ 12. Two centuries later, PD is the second 



 

 
 
 
 
 

most common neurodegenerative disease after dementia 13. A global increase of life expectancy 
contributes to PD’s growing incidence, and 12 Million people are expected to be affected 
worldwide by 204013.  
 
In general, PD is regarded as a disease of the basal ganglia. The basal ganglia are a collection of 
brain regions deep in the brain involved in motor and cognitive functioning, and they consist of 
the globus pallidum, caudate nucleus, putamen, substantia nigra, and the subthalamic nucleus 
(STN)14. In a healthy brain, the basal ganglia facilitate successful initiation, execution, and control 
of movement via three motor pathways, the direct, indirect, and hyperdirect pathway (figure 2, 
left panel, A and B). Basal ganglia regions process and smoothen input signals from higher located 
cortical regions, before they project their output on other basal ganglia regions, or the thalamus. 
The thalamus acts as a large ‘regulation center’ for motor and sensory signals, as well as alertness. 
Cortical motor signals are processed by the thalamus and projected back to the motor cortex, to 
travel then via the spinal cord towards peripheral nerves, to eventually activate limb muscles. 
For its cognitive functions, the basal ganglia are connected with the frontal and prefrontal cortex 
of the brain15. These cortical regions are involved in higher cognitive functions such as executive 
functions, planning, memory, impulse control, social and sexual behavior. 
To function properly, the connections in the basal ganglia need specific neurotransmitters to 
transmit signals between connected brain cells, so called neurons. Neurotransmitters are small 
particles excreted by specific neurons, such as dopamine, and stimulate (excite), or suppress 
(inhibit) the ‘synaptic’ signal transduction between two communicating brain cells.  
 

 
Figure 2: Motor pathways and subthalamic deep brain stimulation.  
Left panel: Cortico-basal ganglia-thalamo-cortical loop. Visualization of electrophysiological signals controlling 
movement. Excitatory signals activate the receiving brain structure, inhibitory signals slow down the receiving 
brain structure. Right panel: DBS electrode located in basal ganglia region, connected via subcutaneous 
extension lead to the subcutaneous implanted IPG. DBS: deep brain stimulation, GPe: globus pallidus externa, 
GPi: globus pallidus interna, IPG: internal pulse generator, STN: subthalamic nucleus, SNc: substantia nigra 
pars compacta, SNr: substantia nigra pars reticulare. 
 
Over the last decades, scientific advances, in for example genetics and cell biology, increased the 
fundamental understanding of PD immensely. And although this led to more and diverse potential 
treatment targets, it also revealed many new questions about a highly complex, multifactorial 
disease process. Generally, circa 90% of PD cases do not have a purely genetic or environmental 
cause, and is ‘idiopathic’ PD. Currently, it is assumed that a complex combination of genetic and 



 

 
 

 
 
 
 

environmental factors lead to the intracellular accumulation of a protein, alpha-synuclein, and 
eventually to cell death16,17. This cell death typically occurs in dopamine-producing cells in the 
substantia nigra pars compacta (SNc), and results in a dopamine deficit which is the core of PD 
pathophysiology18. 
 

1.2 Parkinson symptomatology 
The dopamine deficit causes a wide spectrum of symptoms in PD patients, consisting of motor 
and non-motor symptoms19. The work in this thesis focusses on motor symptoms, and thus non-
motor symptoms will only be touched upon briefly. Further, it is important to be aware of the 
diversity and variation of symptomatology between PD patients20, as this is important for 
individualized monitoring and treatment. 
 
Bradykinesia is defined as slowness of movement, and hypokinesia is defined as decreased 
spontaneous movement, or reduced amplitude of movement 21. It affects both arms and legs, and 
can manifest as full body bradykinesia, including decreased facial expression. Bradykinesia is the 
core symptom in diagnosing the parkinsonian syndrome according to the UK Parkinson’s Disease 
Society Brain Bank clinical 
diagnostic criteria (besides bradykinesia, rigidity, tremor or postural instability is required) 22. It 
typically starts unilateral to become bilateral. Both the severity and the duration of bradykinesia 
worsen over the course of the disease, cooccurring with significant motor disabilities, and 
impaired QoL23.  
Rigidity is defined as stiffness of limb-movement. These symptoms often present simultaneously 
and are described as an akineto-rigid-syndrome. 
Bradykinesia and rigidity respond well on early dopaminergic therapy, but over time 
complications such as motor fluctuations occur 24.  
 
Tremor is one of the best-visible PD symptoms. It is defined as an involuntary shaking of the hand, 
arm, leg, foot, or neck. Typically, a Parkinsonian tremor is a resting tremor, starting when the 
patient is not using his hand or affected limb, and often increases in the presence of stress. This 
in contrast with an essential tremor, which occurs during voluntary movement. Tremor usually 
starts unilateral and gradually becomes bilateral, and both on upper and lower extremities.  
In a subset of PD patients, tremor is the most-present motor symptom in a relative absence of 
other motor symptoms. This subtype of PD is described as tremor-dominant, and these patients 
often show slower disease progression and less functional-disability18.  
 
PD patients often suffer from postural instability and gait problems, typically in later disease 
stages. A typical form of gait disturbance is freezing of gait. This is defined as an inability to 
proceed or start walking. Also, abrupt ending of a walking episode can be disturbed in advanced 
PD18. 
 
A wide spectrum of non-motor symptoms characterizes PD, such as sleep disturbance and fatigue, 
pain, autonomic symptoms (constipation, urinal dysfunction, bowel incontinence, sexual 
difficulties), cognitive (memory and concentration difficulties), and neuropsychiatric disturbances 
(depression, anxiety, apathy) 19,25. A variety of non-motor symptoms, such as limb pain, 
constipation, sleep disturbance, erectile dysfunction, and depression, typically precede the onset 



 

 
 
 
 
 

of motor symptoms and PD diagnosis during a ‘pro-dormal-phase’, which can exist up to 20 years 
or more 18,25.  
Since non-motor symptoms are less discriminative for PD, they are notoriously less well-known 
and neglected by clinicians, caregivers, and even patients 25. Evidence that non-motor symptoms 
might influence patients’ QoL more than motor symptoms is growing and underlines the 
importance of non-motor symptoms in PD25,26. This highlights the importance of adequate 
monitoring of non-motor symptoms in clinical practice to adjust therapies and symptom relief. 
 
Motor fluctuations are a hallmark of PD progression and are characterized by daily fluctuations of 
therapeutic effectiveness on motor symptoms, mainly bradykinesia and rigidity (figure 3). They 
occur in half of the patients within the first decade after diagnosis 23,27. After an initial period in 
which medication has a satisfactory effect, the motor symptoms become increasingly refractory 
to dopaminergic dosages. This process is called ‘wearing-off’. Moments with satisfactory effect 
on motor symptoms are called ON-medication states, whereas moments with disabling motor 
symptoms are called OFF-medication states 24 (figure 3). With disease progression, higher 
dopamine-dosages are needed to realize sufficient ON-medication time, which often lead to 
levodopa induced dyskinesia. Higher levodopa dosages also correlate with the occurrence of 
motor fluctuations 28. The theory that an early start of levodopa treatment leads to more motor 
fluctuations is dismissed 24.  
Motor fluctuations have an important impact on a patient’s QoL and are associated with worse 
ADL performance 29. In addition to adequate monitoring of non-motor symptoms, implementing 
strategies to retrieve patterns in response-fluctuations will help the clinician and patient to adjust 
therapies and symptom relief. 
 

 
Figure 3: Motor symptoms and their fluctuations over time 
Left panel: Overview of core motor symptoms in Parkinson’s disease. Right panel: Fluctuating dopamine level 
in blood. The dopamine level (black line) fluctuates under influence of the intake of dopaminergic medication 
several times a day (L-DOPA, purple arrows). Over time, the time spent with good motor symptom control 
(ON-state) decreases. Parallel, the time spent with motor symptoms (such as bradykinesia and tremor) 
increases, due to a too low dopaminergic level (OFF-state). Also, the time spent with burdensome dyskinesia 
increases, due to a too high dopaminergic level (DYSK).  
 

1.3 Treatment of motor symptoms 
Although recent scientific advances in neuroprotective therapies using monoclonal antibodies 
give reason for ‘cautious optimism’, current PD treatment focusses on symptom-relief via 
dopamine-replacement rather than curation 17.  
 



 

 
 

 
 
 
 

Dopaminergic medication  
Dopamine-replacement therapy is centered around oral levodopa, a dopamine precursor 
introduced as PD therapy in the 1960s 17. Levodopa crosses the blood-brain-barrier as a precursor 
and will be decarboxylated into dopamine, in order to stimulate neural dopamine receptors. The 
characteristic short pharmacokinetic half-life time of one to three hours 30, requires multiple daily 
intakes to maintain sufficient dopamine levels. 
Current state-of-the-art policies advice to start dopaminergic treatment early, even when 
disabilities are still neglectable 24. To increase levodopa efficacy, complementary drugs as 
dopamine agonists and monoamine-oxidase (MAO)-B inhibitors are given.  
Over time patients need higher pharmacological dosages to yield satisfactory effects. High 
levodopa dosages are more likely to result in complications such as motor fluctuations (meaning 
OFF-medication periods), and levodopa induced dyskinesia. The latter is the occurrence of 
involuntary, uncontrolled movements and is believed to be the result of peak-levels of dopamine 
24. 
 
Deep Brain Stimulation history and current practice 
Deep Brain Stimulation (DBS) therapy evolved from ablative surgery which was performed in the 
1980s to structurally lesion the basal ganglia to mimic motor improvement observed after 
vascular basal ganglia lesions 31. In 1987, Benabid et al introduced DBS as a reversible alternative 
for the irreversible structural lesioning 1. Since then, the scientific and clinical DBS field emerged 
to several indications, and its working mechanism is hypothesized to rely on network-effects, 
rather than local effects 32,33.  
 
Subthalamic nucleus (STN) and globus pallidus interna (GPi) DBS are safe, and effective therapies 
for severe Parkinsonian motor symptoms and dopaminergic motor complications, even after 
relatively short disease durations 2–5,7. Cognitive impairment, depression, or neurosurgical 
contraindications can indicate intratestinal levodopa-gel infusion pump as an alternative 34. PD 
patients considered for DBS will be multidisciplinary assessed by a neurologist, neurosurgeon, 
nurse, neuropsychologist, and neuropsychiatrist. Disease severity, levodopa efficacy, cognitive 
functionality, age, and social and private circumstances will determine the multidisciplinary 
decision-making. 
 
5 to 10% of the PD population will be considered for DBS somewhen in their disease process. This 
leads annually to 125 to 300 expected DBS implantations in the Netherlands during the next 
decade 35.  
DBS electrodes are surgically implanted in the STN or GPi with the aid of preoperative trajectory 
planning based on magneto-resonant images (MRI) and intraoperative stereotaxis (3-d 
navigation). Intraoperative electrophysiological recordings help to identify the target brain 
structure. Often patients stay awake during parts of the implantation to test whether stimulation 
results in symptom relief 36. 
 
Efficacy of DBS for PD 
STN-DBS is expected to decrease motor severity, assessed on MDS-UPDRS III, with one third in 
off-medication moments. Dopaminergic medication dosages are expected to halve, leading to less 



 

 
 
 
 
 

dopaminergic induced dyskinesia. Time spent in on-medication state is expected to increase with 
several hours a day 2,3,5,6.  
A subset of patients, circa 30%, still experiences a suboptimal motor response one-year after STN-
DBS 3,6, and motor response appears to decrease on a mid-long term of 5 till 10 years 7. The 
efficacy trade-off between motor response and adverse effects remains a challenge 8. 
 
Approaches to improve DBS outcome in PD 
Preoperative patient selection is a crucial part of DBS care. Numerous studies showed that 
preoperative more severe and longer-lasting motor symptoms, large motor response on 
dopaminergic medication, and an impaired QoL, correlate best with postoperative motor or QoL 
improvement 37–40. These studies typically applied correlative statistics on group level. 
The current computational possibilities, such as clinical data science including machine learning, 
enable clinical research to include more data and unravel more patterns than traditional statistics 
9,41. Also, machine learning delivers prediction models generating individual outcome probabilities 
usable in prospective settings.  
Besides the abovementioned clinical variables 42, DBS outcome prediction in PD is explored based 
on motion sensing 43, structural imaging 44, connectivity imaging 45, preoperative neurophysiology 
46, and genetic profiling 47.  
Machine learning-driven individual DBS outcome prediction is therefore a promising tool which 
requires further exploration of its feasibility and validity. A realistic, useful, and impactful 
prediction tool for clinicians should always be the starting point of this research 11,48. 
 
Postoperatively, DBS outcome can be improved by optimizing stimulation paradigms. Adaptive, 
or closed-loop, DBS (aDBS) is such an example and adjusts the amount of stimulation (aDBS 
output) based on a biomarker reflecting the patient’s clinical state and thus needs (aDBS input). 
It is suggested to improve efficacy and efficiency of DBS in PD with less adverse effects and a 
longer battery life 49. Besides tailoring the temporal character of DBS via aDBS, directional steering 
is suggested to adapt the loco-spatial character of DBS according to structures surrounding the 
implanted electrode causing adverse effects 50.  
 

2. Real-life (naturalistic) Parkinson monitoring  
Assessment of PD symptoms to adjust therapy and to provide optimal symptom relief is 
complicated by the heterogenous and fluctuating character of PD symptoms. The current gold 
standards forming the backbone of clinical PD evaluation are criticized for (among others) a lack 
of real-life representability. This, combined with emerging technological possibilities, led to great 
scientific and commercial interest in PD monitoring tools solutions 51–54. Here, we will summarize 
the current state of PD monitoring and its limitations and focus on the advances made to 
overcome these limitations. 
 

2.1 Traditional symptom assessments and their limitations 
PD symptomatology is traditionally assessed with tools such as the Movement Disorders Society 
Unified Parkinson’s Disease Rating Scale (MDS-UPDRS) 55, the Hoehn and Yahr scale (HY), the 
Abnormal Involuntary Movement Score (AIMS), and non-motor scales. The Parkinson Disease 
Quality of life questionnaire (PDQ)-8 and the PDQ-39 specifically assess QoL in PD. The MDS-
UPDRS is most used in clinical practice and as gold standard in therapy efficacy evaluations. It 
consists of four parts addressing cognitive and non-motor symptoms (part I), the ability to 



 

 
 

 
 
 
 

perform activities of daily life (part II), motor symptoms (part III), and treatment induced side 
effect (part IV).  
The MDS-UPDRS part III has to be conducted in-person by a trained-clinician who structurally 
interprets the assessed motor symptoms. This is a labor-intensive assessment and cannot be 
repetitively used over longer periods of time. The other MDS-UPDRS parts, the other tools, and 
the PDQ’s are questionnaire-based, and cover symptoms over weeks or months. Self-report 
diaries to monitor motor states (OFF, ON, ON with dyskinesia) in PD patients’ daily-life will be 
discussed later in more detail 56,57. 
None of these tools facilitate the repetitive detection of short-term (non-)motor PD fluctuations 
in a real-life situation, over a longer period of time. 
 

2.2 Commercial and scientific advances in PD monitoring 
Since the 1990s, motion sensors are investigated to monitor activity and symptomatology of PD 
patients 58. Since then, common electronical devices able to capture real-life data have become 
increasingly presence. Currently, PD monitoring is of interest to many scientific and commercial 
investigators 51,59, including one of the largest tech-companies worldwide 53. Specific guidelines 
from the Movement Disorders Society aim to guide these scientific efforts and advice non-
proprietary algorithms which are validated under real-life conditions in PD patients, and devices 
without extra patient burden 52. 
So far, devices are reported to be very successful in discriminating symptom severities in 
controlled settings, but the translation to symptom detection in uncontrolled, real-life settings is 
more challenging 51,60. The first randomized controlled studies investigating the clinical impact of 
clinical decision-making augmented with real-life passive monitoring are currently being 
performed 61.  
Descriptive and anecdotal reports about the first FDA-approved device for passive monitoring, 
the Personal KinetoGraph (PKG), are available. They describe promising augmentation of clinical 
decision making 62–64, and in particular improved detection of wearing-off effects 65. In contrast, 
its validity over short time windows, such as one hour 66, and on the quality of current commercial 
validation processes are disputed 67.  
In the meanwhile, scientific efforts focus on creating open-source and reproducible PD monitor 
methods 68,69. Methodological details of motion sensor monitoring for PD will be discussed in 
paragraph 3. 
 

2.3 Objective naturalistic PD monitoring: motion sensors 
Accelerometers and gyroscopes are the two motion sensors applied in this thesis.  
Accelerometers measure acceleration, velocity change (meters per second) per second, in the 
three axes X, Y, and Z (figure 4). Their functionality relies on three magnetic field components. 
Each of them produces a variable electronical signal under influence of acceleration in a specific 
axis.  
Gyroscopes measure angular rotation, angular degrees per second, over the three axes roll, jaw, 
and pitch. They exist of ‘tolling spin’-like components which rotate under influence of movement 
in their specific axis. The movement of the tolling-spin components is translated into degrees 
turned per second. 
 
 



 

 
 
 
 
 

Signal processing of motion sensor data 
Motion sensors result in high-frequency, e.g. 125 Hz, time-series data. These three signals, one 
signal per axis, have to be translated into meaningful data points for movement analysis. This is 
done via the extraction of features which describe relevant characteristics of movement.  
The time window over which every feature is calculated is defined as the feature window. For 
example, a data set containing 15 minutes of tri-axial data (125 Hz) is used to extract 20 different 
features per axis, with a feature window of 1 second. The result is a data set of 60 features (20 
features per axis) with 900 values per feature (15 minutes is 900 seconds, 1 value per second). 
Features can be extracted from the temporal domain, containing the acceleration or rotation (y-
axis) over time (x-axis). Examples are features describing maxima, minima, variances, 
distributions, number of peaks, or smoothness. Features can also be extracted from the spectral 
domain, containing spectral power (y-axis) per frequency band (x-axis). This is calculated per time 
window (for example per second) and can be subsequently expressed as power recorded in the 
beta-frequency over time. A temporal domain signal is created through a Fast Fourier Transform 
(FFT) of the original temporal domain signal, which is a common signal processing method.  
 
Figure 4: Workflow from motion sensor to medication 
state prediction. 
The wrist-worn motion sensor (first panel) records a tri-
axial accelerometer signal (can also be rotation) 
(second panel). Per feature window (color-shaded 
‘win’s, in total here M), M features are extracted, and a 
true medication-state label is collected (third panel). A 
machine learning classifier is trained to recognize which 
medication-state label (y) is characterized by which 
patterns in accelerometer-features (x) (fourth panel). 
The model can be applied on new accelerometer data 
to predict to which medication-state the new feature 
windows most likely belong (fifth panel). 
 
Translation of motion sensor data to Parkinson 
symptomatology 
The goal of motion sensing in PD is to 
discriminate between different clinical symptom 
severities based on extracted features. Typically, 
PD patients perform experiments in which they 
perform activities which represent daily-life 
activities in different symptom states. If the 
extracted features will be discriminative enough, 
machine learning models can identify feature 
patterns corresponding to each symptom state. 
After learning these patterns, the machine 
learning models can recognize the patterns in 
motion sensor features which are not analyzed 
before. This way, the models can predict to which 
symptom state the new motion sensor data 
belong.  
 



 

 
 

 
 
 
 

2.4 Subjective naturalistic PD monitoring: motor diaries and experience sampling method 
Motor diaries still play an important role as gold standard for motor symptoms and fluctuations 
during naturalistic symptom monitoring in for example PD monitor device development. 
Classically, patients self-report their dopaminergic-medication states and presence of (burden-
some) dyskinesia per 30 minutes in Hauser-diaries 56. Electronical motor diaries (eDiaries) have 
been shown to be a reliable alternative to written diaries 70. Experience sampling method (ESM), 
also known as ecological momentary assessment, can be applied as an eDiary to repetitively 
collect subjective patient experiences in natural environments 71. Smartphone-based ESM 
presents an identical questionnaire to a patient, multiple times a day. Every time, the patient is 
asked to answer the question according to how they feel at that specific moment. To prevent bias 
through procrastination, every questionnaire can only be opened and completed within e.g. 15 
minutes after notification. The fluctuations and trend in answers within days or between days 
provide information about the questioned symptom. ESM is validated and commonly used for 
several psychological or psychiatric indications 72,73. Recently, eDiaries such smartphone-based 
ESM, are also introduced to give insights in naturalistic subjective experiences of PD patients 52,74. 
Practical feasibility of ESM in a PD population has yet to be proven, and there is no ESM 
questionnaire described specifically for PD. Also, the use of PD eDiaries has not been reported in 
the motor monitoring literature so far.   
  

3. Clinical data science methods  
 

3.1 Terminology and definitions 
Clinical data science is the term for the combined knowledge and skills regarding three domains 
according to the Drew Conway’s Venn diagram 75. First, knowledge of applied statistics and 
mathematics as commonly applied in scientific research is required. Second, knowledge of 
computer science and programming is required. Third, and last but not least, clinical expertise is 
required. Combined, these skills can reveal patterns between variables which cannot be 
disentangled without the computational power of computers 76. Often, this boils down to a clinical 
question and hypothesis, involving predictors and outcomes of a specific process or treatment. 
Predictors are variables which serve as input for an analyzing model. Some examples are clinical 
variables such as demographic and disease specific characteristics, physiological time series such 
as heartrates, acceleration values, and neurophysiological assessments, or structural and 
functional neuroimaging. Both predictors and outcome variables can be continuous scores or 
categorical classes. 
 
Clinical decision support systems (CDSS) are tools which provide a clinician with data-driven 
information to augment clinical decision making. This can be for example a probability of a 
diagnosis, a disease progression, or the effectiveness of a treatment. The provided information 
by a CDSS is often based on prediction models using machine learning algorithms. Often these 
models are not self-learning, and the algorithms are once developed and validated, to remain 
unchanged until a next development and training phase. 
 
Supervised and unsupervised machine learning are two types of algorithms which differ in the way 
the model is trained. A supervised machine learning model is provided with the true labels of a 
training data set. The model investigates patterns between numerous predictors and the 



 

 
 
 
 
 

corresponding outcome variable. Then, after the model learned the patterns between predictors 
and outcome, the model is provided with a new test data set, containing only predictors. The 
model will generate outcome predictions based on the learned patterns, and these outcome 
predictions are compared with the true outcome variables to evaluate the performance of the 
model. An unsupervised machine learning model is provided with predictors. The model compares 
all data points based on their predictors. Based on the differences and similarities, all data are 
clustered into different groups. Afterwards, additional analyses have to reveal how well these 
clusters align with the actual clinical outcome scores or classes. In this thesis, only supervised 
models are applied. 
 
Classification models are machine learning models which use a categorical outcome score as 
outcome. Models analyzing continuous outcome scores are called regression models,but will not 
be applied and discussed in this thesis. In supervised classification models, there is a tradeoff 
between complexity and computational power on the one hand, and simplicity and 
interpretability on the other hand. In the era of big data and incremental powerful computers, 
many machine learning applications use complex models. However, there is a call for the use of 
simple, interpretable machine learning models in health care applications 77. For many clinical 
prediction challenges, simple classification models are as good as complex models, and 
outperform them regarding interpretability 78. The latter is an important factor in relying on 
machine learning, data-driven results with regard to clinical decision making which directly affects 
health care for patients.  
 
Outcome probabilities generated by a classification model range from zero (0) to one (1). This 
probability value indicates how likely a specific data points belongs to the clinical outcome class 
which is defined as ‘1’. The eventual performance of the model is dependent on the threshold 
which is used to accept probabilities to be true (to belong to class 1). For example, when 
probabilities higher than 0.05 will be accepted, almost all data points will be predicted as ‘1’. 
Contrarily, whether probabilities higher than 0.90 will be accepted, most of the probabilities will 
be predicted as ‘0’. The optimal threshold will be dependent on the clinical utilization of the model 
and is strongly related to the clinical importance of false positive and false negative predictions. 
To evaluate the general performance of a model, regarding all possible probability thresholds, a 
so-called receiver operator characteristic (ROC) is used. 
 
Predictive metrics are used to evaluate how well a classification model distinguishes between the 
outcome classes of data points based on their predictors. A general metric for model 
performance, without choosing an exact threshold of probability acceptance, is the area under 
the receiver operator curve (AUC). The ROC visualizes for every probability threshold, the 
hypothetical true positive rate (TPR), and false positive rate (FPR). Therefore, a probability 
threshold is applied on all outcome probabilities, leading to predicted classes. The distribution of 
predicted classes versus actual classes are visualized in a confusion matrix, displaying true 
negatives (TN): predicted negative, true outcome negative; false negatives (FN): predicted 
negative, true outcome is positive; true positives (TP): predicted positive, true outcome positive; 
false positives (FP): predicted positive, true outcome negative. The TPR, y-axis of ROC, is defined 
as the part of true positives who was correctly predicted to be true; TP / (TP + FN). The FPR, x-axis 
of ROC, is defined as the part of true negatives who was falsely predicted to be true; FP / (FP + 
TN).  



 

 
 

 
 
 
 

  
Several metrics exist to evaluate prediction models and their performance in specific clinical 
utilization, or with specific thresholds for probability acceptance. They all have their own pros and 
cons, and the clinical hypothesis of a model will define which metrics are most suitable. The 
classification accuracy is representing the amount of correct classified data points, compared with 
the total amount of data points, (TN + TP) / (TN+FN+TP+FP). The positive predictive value (PPV) is 
the part of positive predictions that is actual positive, TP / (TP + FP). The negative predictive value 
(NPV) is the part of negative predictions that is actual negative, TN / (TN + FN). The sensitivity (or 
recall) is the part of actual positives which was predicted correctly, TP / (TP + FN), and is equal to 
the TPR. The specificity is the part of negatives that was predicted correctly TN / (TN + FP), and is 
equal to (1 – FPR). 
 

3.2 Challenges to translate AI into clinical impact 
For circa 30 years, scientists try to revolutionize clinical care with clinical data science, AI and 
machine learning 79. Experience has proven that AI-applications are notoriously difficult to 
implement in clinical practice. Important reasons are the lack of mutual understanding and 
collaboration between clinicians and computer scientists 48. Close collaborations and scientific 
reporting via dedicated guidelines should contribute to overcome this limitation 11,80.  
Both Pencina and colleagues, and Kelly and colleagues outlined key considerations to develop 
impactful clinical prediction models from hypothesis up to clinical implementation 81. These 
studies provide understandable statistical and conceptual insights and form an excellent bridge 
between the clinical and the computational perspectives. Regarding the choice of mathematics, 
there is a strong call for the use of interpretable, machine learning models for clinical applications 
77,78,82. In this discussion, the analogy black-box versus white-box refers respectively to models 
without insight in the establishment of predictions versus models which give insight in predictor 
importance for example. 
 
The work in this thesis aims to implement clinical data science methodologies for preoperative 
DBS outcome prediction and motion sensor monitoring, without losing sight of the clinical 
relevance and the mutual understanding of clinicians and data scientists. 
 

4. Problem statements and outline of this thesis 
 
PD care can be improved if (wearable or clinical) patient data and the computational possibilities 
are understood and implemented correctly, and combined in a clinically meaningful manner. In 
this thesis we will focus on the improvement of DBS care on two topics. First, not all patients 
experience a satisfying motor response postoperatively and, despite all efforts, we cannot identify 
these patients preoperatively 3,6. Second, not all patients show a constant satisfying balance 
between beneficial motor response and adverse effects, and we cannot track this motor response 
in daily life 7,8,49. 
Part A addresses the first challenge by predicting individual postoperative motor response, during 
the preoperative phase based on clinical variables. Chapter 2 describes the development of DBS-
PREDICT, a machine learning classification model to differentiate between weak and strong motor 
responders of subthalamic DBS. Chapter 3 describes a multicenter validation of DBS-PREDICT, 
which is the first external validation of a prediction tool for individual DBS outcome.  



 

 
 
 
 
 

Part B addresses the second challenge by exploring how continuous daily-life PD monitoring can 
contribute to (adaptive) DBS outcome monitoring. Chapter 4 reviews the advances so far 
regarding aDBS for PD. Chapters 5, 6, and 7 describe the development, feasibility, and proof-of-
concept of electronic motor diaries as a tool to improve motion-sensor monitoring in PD. Chapter 
8 explores the feasibility of motion-sensor PD monitoring on short time windows, which is a 
requirement to evaluate the motor response to (adaptive) DBS in real-time rather than per day. 
Chapter 9 provides a general discussion of all chapters, and chapter 10 analyses the valorization 
and impact on future research and clinical practice of the work presented in this thesis. Chapter 
11 and 12 provide a concluding summary and valorization paragraph. 
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Abstract 
 
Introduction: Despite careful patient selection for subthalamic nucleus deep brain stimulation 
(STN DBS), some Parkinson’s disease patients show limited improvement of motor disability. 
Innovative predictive analyzing methods hold potential to develop a tool for clinicians that reliably 
predicts individual postoperative motor response, by only regarding clinical preoperative 
variables. The main aim of preoperative prediction would be to improve preoperative patient 
counselling, expectation management, and postoperative patient satisfaction. 
 
Methods: We developed a machine learning logistic regression prediction model which generates 
probabilities for experiencing weak motor response one year after surgery. The model analyses 
preoperative variables and is trained on 89 patients using a five-fold cross-validation. Imaging and 
neurophysiology data are left out intentionally to ensure usability in the preoperative clinical 
practice.  
Weak responders (n = 30) were defined as patients who fail to show clinically relevant 
improvement on Unified Parkinson Disease Rating Scale II, III or IV. 
 
Results: The model predicts weak responders with an average area under the curve of the receiver 
operating characteristic of 0.79 (standard deviation: 0.08), a true positive rate of 0.80 and a false 
positive rate of 0.24, and a diagnostic accuracy of 78%. The reported influences of individual 
preoperative variables are useful for clinical interpretation of the model, but cannot been 
interpreted separately regardless of the other variables in the model. 
 
Conclusion: The model’s diagnostic accuracy confirms the utility of machine learning based motor 
response prediction based on clinical preoperative variables. 
After reproduction and validation in a larger and prospective cohort, this prediction model holds 
potential to support clinicians during preoperative patient counseling. 



 

 
 

 
 
 
 

Introduction 
Subthalamic nucleus deep brain stimulation (STN DBS) is a widely accepted therapy for 
Parkinson’s disease (PD) patients in which dopaminergic replacement therapy is unsatisfactory.1-

4 In the majority of these patients, DBS can reduce motor symptoms or their fluctuations and 
thereby improve quality of life.5 Despite careful patient selection, some patients still show limited 
or no improvement of motor fluctuations and quality of life.5 Since the introduction of STN DBS, 
clinicians aimed to determine reliable predictors.6  
Preoperative levodopa responsiveness of motor symptoms, severity of motor symptoms, and 
younger age are repeatedly reported as positive predictive factors for postoperative (Movement 
Disorders Society –) Unified Parkinson’s Disease Rating Scale ((MDS-)UPDRS) motor 
improvement.7 Contrarily, preoperative levodopa responsiveness is also reported to not predict 
STN DBS outcome.8,9 Preoperative severe quality of life (QoL) impairment, more time spent in off-
condition of dopaminergic medication, levodopa responsiveness, and low BMI are reported as 
positive predictive factors on postoperative QoL.8,10-12 Reports on the predictive value of disease 
duration, daily levodopa dosage, postural and gait impairment, and non-motor symptoms all 
show conflicting results.7,11,13,14 Comparison of reported motor outcome is hampered due to 
variance in assessment scales and assessments during varying dopaminergic states.15  
 
These non-conclusive results maintain the need for a simple tool which neurologists can use in 
clinical practice to predict motor outcome after STN DBS for individual patients. To realize a usable 
and representative tool for the preoperative setting, our approach is limited to preoperative 
clinical variables. Preoperative prediction will always lack surgical information such as lead 
placement. This lack of information is inherent to any approach that aims to contribute to a better 
preoperative counselling. 
 
Machine learning methods are increasingly used in medical practice to unravel patterns to 
improve understanding of clinical data.16 Predictive machine learning models can be distinguished 
from traditional statistics by generating outcome predictions for new, individual patients, instead 
of correlations between pre- and postoperative variables on a group level. To ensure practical 
usability, clinical relevance, and interpretable results, the development and implementation of 
these models requires statistical, programming, and clinical expertise.17 To add value to PD care, 
predictive analysis should improve challenging clinical decision making instead of reproduce valid 
clinical decisions.18,19 Here, we report the development and proof-of-concept of a prediction 
model that generates probabilities for weak and strong motor response one year after STN DBS 
for individual PD patients based on preoperative clinical variables. 
 
Materials and Methods 
 
Study population 
We considered patients who underwent STN DBS for PD in our academic neurosurgical centre 
between 2004 and March 2018. The surgical procedure is described in the Supplemental Material. 
We included 127 patients who completed one-year postoperative follow up during this period. 
We excluded patients who had missing UPDRS-III scores in their preoperative on-medication 
condition, or postoperative on-medication, on-stimulation condition.  



 

 
 
 
 
 

The Medical Ethical Committee of Maastricht UMC+ approved this study (2018-0739). Informed 
consent was not obtained since the retrospective data was collected coded. 
 
Pre- and postoperative variables 
All available preoperative demographic data, disease specific data (disease onset, disease 
duration, levodopa equivalent daily dosage (LEDD)),20 clinical performance scores ((MDS)-UPDRS, 
and Hoehn & Yahr (H&Y) scores), as well as relevant neuropsychological scores assessing 
executive functioning, in particular verbal fluency (semantic and lexical) and response inhibition 
(based on the interference score of the Stroop Colour Word Test) were incorporated. We left out 
imaging and neurophysiology data, to ensure the user-friendliness and accessibility in clinical 
practice during preoperative counselling. No analyses are required which ask software, hardware, 
or analysing knowledge. 
All included preoperative clinical and neuropsychological scores were assessed in the on-
medication condition and the available (MDS-)UPDRS III and H&Y scores in the off-medication 
condition were also included. Preoperative motor levodopa-responsiveness was calculated by 
subtracting UPDRS III scores in the off-medication condition with UPDRS III scores in the on-
medication condition. Postoperative collected variables consist of UPDRS I, II, III and IV and H&Y 
scores in on-medication and on-stimulation conditions, UPDRS III in on-stimulation and off-
medication conditions, and the performance on the verbal fluency and Stroop tests in on-
stimulation and on-medication conditions. Both MDS-UPDRS and UPDRS scores were collected 
due to the variation in surgery dates among the population. To create uniform UPDRS scores, all 
MDS-UPDRS scores were recalculated to UPDRS scores.15 Pre- and postoperative differences for 
UPDRS scores I until IV, H&Y scores, LEDD, and neuropsychological scores were calculated. 
Furthermore, we registered applied DBS voltage, frequency, and pulse width at one-year follow 
up. To compare DBS-settings, we computed the mean total electrical energy delivered (TEED).21 
 
Prediction model 
The machine learning prediction model uses multivariate logistic regression analyses. This logistic 
regression model distinguishes itself from (univariate) correlative regression models by 
generating outcome probabilities for individual patients (fig. 1). We focused on motor response 
as outcome and differentiated between ‘strong responders’ and ‘weak responders’. To capture a 
wide spectrum of motor responders, improvement on UPDRS II, III and IV was evaluated. A strong 
responder is defined as a patient who showed a minimal clinically important difference (MCID) on 
UPDRS II, III, or IV in on-medication and on-stimulation condition one-year postoperative vs. 
preoperative on-medication condition (see fig. 2). MCID was defined as more than 3, 5, and 3 
points improvement for UPDRS II, III and IV respectively, based on a literature review (see 
Supplemental Material). Patients who improved more than the MCID on UPDRS II or IV, but 
showed a deterioration on UPDRS III of more than the MCID and the yearly natural disease 
progression together 7 points, were defined as weak responders 22,23.  
The prediction model uses the following available preoperative variables to generate an outcome 
probability: gender, age at DBS, PD duration at DBS, age at PD onset, UPDRS I, II, III and IV in on-
medication condition, motor levodopa response, H&Y scale in on- and off-condition, the Stroop 
interference score, the verbal fluency scores, and the LEDD.  
 



 

 
 

 
 
 
 

 
Figure 1: Overview of prediction 
approach. 
Workflow of the prediction 
model as a preoperative 
counselling tool. The 
preoperative individual patient 
variables are inserted in the 
prediction model, which is 
trained on the retrospective 
database (‘Training Data’). The 
model calculates the probability 
to become a weak responder 
between 0 and 1, in this example 
0.7. The clinician can use this 
probability to inform the patient 
during preoperative counselling. 

 
Figure 2: Decision flowchart of outcome categorization. 
DBS, deep brain stimulation; PD, Parkinson’s disease; STN, subthalamic; UPDRS, Unified Parkinson Disease 
Rating Scale. 
 
The logistic regression model was fitted, i.e. trained, on the relation between preoperative 
variables and postoperative outcome categorization.24 We evaluated the trained model with a 5-
fold cross-validation. This cross-validation fits, i.e. trains, the model on 80% of the patients, the 
‘training data’. During this ‘training phase’, a weight, ‘β’, is assigned to every single preoperative 
variable, ‘x’. The fitted model was then evaluated, i.e. tested, on the remaining 20% of patients in 
the database, the ‘test data’. During this ‘test phase’, the preoperative variables of every 
individual patient in the test data were inserted in the model separately. The model generates an 
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outcome probability to become a weak responder for every individual patient. This probability 
was generated by a calculation of all ‘x’ values of the inserted patient with the corresponding 
weights (β) using the logistic function 1 / (1 + exp(- β * x)). The generated probabilities from the 
test data are compared with the actual outcome to test predictive accuracy. The 5-fold cross-
validation repeats these phases 5 times until every patient was used for testing exactly once. The 
cross-validation leads to less limitations in sample size regarding number of considered predictive 
variables.25 Still, the small number of patients on which the trained model is tested during every 
iteration in this 5-fold cross-validation is a limitation of this approach. Evaluating the average 
performance over the 5 iterations gives the best assumption of the predictive performance of the 
model. We chose logistic regression as a prediction model instead of a deep learning-based model 
due to the relatively small database size and the fact that the weight, or influence, of every 
preoperative variable can be interpret easily. This interpretation helps to generate an intuition 
what the prediction is based on.26 
 
To use a certain prediction model in clinical practice, a threshold should be chosen to accept a 
probability. This means every probability above the threshold is regarded to be true (weak 
response in this model), and every probability below the threshold is regarded to be false (strong 
response in this model). The accuracy of the model is strongly dependent on the threshold. A 
common way to evaluate the overall performance of a prediction model is to plot the receiver 
operating characteristic (ROC). The ROC visualizes for different thresholds between 0 and 1 the 
corresponding true positive and false positive rates (fig 3A). Performance of prediction models is 
often expressed as the area under the curve (AUC) of the ROC (fig. 3A). In clinical practice, a 
threshold should be selected before the model can be used as a prospective application.  
 
To understand which variables are important in the prediction model, we can explore the 
importance of every separate preoperative variable. Variable importance is expressed as 
‘weights’. To make these weights interpretable, they are converted to Odds Ratios by calculating 
exp(β), and normalized afterwards. These normalized Odds Ratios are called ‘relative influences’, 
and they denote the change in probability to be a weak responder when the respective variable 
increases 1 unit, and all other variables stay equal (fig 3A).  
 
Comparative descriptive analysis between preoperative and postoperative variables and between 
weak and strong responders are performed with Mann-Whitney-U-tests. 
To facilitate prediction models, we imputed missing data-points in preoperative variables. (For 
further explanation on the Random Forest imputations applied on preoperative variables, please 
see Supplementary Material). To prevent imputations of variables that are the target of 
prediction, we did not impute postoperative variables. Analysis is performed in Python Jupyter 
Notebook 3 (Jupyter Team, https://jupyter.org, revision fe7c2909) using packages pandas 
(version 1.0.4), Numpy (version 1.16.4), scikit-learn (version 0.21.2), and Scipy (version 1.3.0). We 
report our findings according to the TRIPOD Checklist for Prediction Model Development.27 
 
Results 
Preoperative and postoperative variables 
We included 89 patients with a well-documented one year follow up after STN DBS, 37 patients 
were excluded due to missing data points in UPDRS III score in preoperative on-medication 
condition, or postoperative on-medication and on-stimulation condition. We report descriptive 



 

 
 

 
 
 
 

statistics containing the original data (no imputed preoperative data). The total group showed 
statistically significant postoperative improvements in UPDRS III scores, both compared with 
preoperative on- and off-medication conditions, and in UPDRS IV scores. We observed a 
significant decrease in LEDD (table 1). Further, there was a significant deterioration in 
neuropsychological scores on a group level.   
  

Baseline characteristics a 

Female sex (n) 37 (42%) 
Age (years) 61 (8) 
Disease duration (years) 10.7 (5.1) 
Preoperative UPDRS III levodopa response −18.6 (13.1) 
Preoperative UPDRS III % levodopa response −45.0 (38.0) 
   

Preoperative a 1 year follow up a 

UPDRS Ib 1.3 (1.3) 3.0 (3.1) 
UPDRS IIb 9.8 (6.6) 9.6 (5.5) 
UPDRS IIIb 21.9 (12.5) 16.4 (9.9)e  
UPDRS IIIc 39.1 (13.1) 16.4 (9.9)e  
UPDRS IVb 5.5 (4.0) 2.8 (2.4)e  
H&Y 1b 2 (2%)d  4 (3%) 
H&Y 1.5b 2 (2%) 1 (1%) 
H&Y 2b 13 (15%) 21 (30%) 
H&Y 2.5b 34 (40%) 24 (34%) 
H&Y 3b 25 (29%) 19 (27%) 
H&Y 4b 9 (11%) 2 (3%) 
H&Y 5b – – 
Fluency total categoriesb 39.7 (9.4) 33.6 (9.8)e  
Fluency total lettersb 35.5 (10.8) 33.6 (11.9)e  
Stroop interferenceb 56.1 (35.1) 76.7 (63.1)e  
LEDD (milligrams) 1187 (619) 656 (510)e  
TEED – 134 (130) 

Table 1: Preoperative and postoperative variables of total population. 
H&Y: Hoehn & Yahr scale; LEDD: levodopa equivalent daily dosage; off-/on-med: off-/on-medication; off-/on-
stim: off-/on-stimulation; TEED: total electrical energy delivered; UPDRS: Unified Parkinson Disease Rating 
Scale. a: Values are given as mean and standard deviation of the mean. b: Preoperative: on-medication, 
postoperative: on-medication and on-stimulation. c: Preoperative: off-medication, postoperative: off-
medication and on-stimulation. d: Percentage of Hoehn and Yahr scales are relative based on the number of 
available data (pre: n = 85, post: n = 71). e: Significant difference with p-value < 0.05, calculated with Mann 
Whitney-U test 
 
59 out of 89 patients were categorized as strong responders, 30 patients were categorized as 
weak responders (fig. 2). Postoperative clinical records until one-year follow-up were evaluated 
and surgical factors explaining weak response were ruled out for all weak responders. The groups 
had significant differences on all postoperative UPDRS scores and differences, except for the 
UPDRS III during on-stimulation and off-medication state (see table 2). We observed no significant 
or relevant differences between the groups regarding neuropsychological scores, LEDD, or TEED. 
 

1 year follow up variables Strong responders, n = 59a Weak responders, n = 30a 

UPDRS Ib 2.2 (2.2) 4.5 (4.0) f  
UPDRS I changec 0.4 (1.9) 1.5 (1.7) f 
UPDRS IIb 8.4 (4.7) 12.3 (6.1) f 



 

 
 
 
 
 

UPDRS II changec −2.8 (6.3) 5.6 (5.9) f 
UPDRS III, on-medb 13.9 (7.5) 21.5 (11.9) f  
UPDRS III changec −11.9 (11.6) 7.3 (8.5) f 
UPDRS III, off-medd 20.9 (13.1) 25.7 (6.7) 
UPDRS III changee −29.0 (13.8) −12.4 (14.4) f 
UPDRS IVb 2.4 (2.2) 3.5 (2.6) f 
UPDRS IV changec −4.1 (3.6) 0.1 (4.2) f 
Fluency total categoriesb 33.8 (10.4) 33.4 (8.5) 
Fluency total lettersb 31.2 (11.5) 31.8 (12.8) 
Stroop interferenceb 75.6 (66.4) 79.0 (55.7) 
LEDD 622 (511) 717 (501) 
LEDD change −509 (472) −577 (529) 
LEDD change (%) −40.7 (37.5) −42.2 (35.2) 
TEED 145 (151) 112 (69) 

Table 2: Comparison of postoperative variables in groups with strong responders and weak responders. 
LEDD: levodopa equivalent daily dosage; off-/on-med: off-/on-medication; off-/on-stim: off-/on-stimulation; 
TEED: total electrical energy delivered; UPDRS: Unified Parkinson Disease Rating Scale.  
a: Mean (standard deviation). b: On-stimulation, on-medication at one-year follow up. c: Difference between 
on-medication and on-stimulation vs. preoperative on-medication. d: On-stimulation and off-medication at 
one-year follow up. e: Difference between on-stimulation and off-medication vs. preoperative off-medication. 
f: Significant difference with p-value < 0.05, calculated with Mann Whitney-U test 

 
Figure 3: Prediction model 
performance and importance per 
predictive variable. 
(A) Visualization of the 
performance of our prediction 
model. Our prediction model 
performs with an average area 
under the curve (AUC) of the 
receiver operating curve (ROC, 
blue line) of 0.78 (standard 
deviation: 0.08). All the dots on 
the ROC represent a threshold 
between 0 and 1 for accepting a 
probability to be a weak 
responder to be true. Every 
threshold leads to a different true 
positive rate and false positive 
rate. The red circle represents the 
threshold corresponding with B. 
The orange line represents chance 
level in which true positive rates 
equal true negative rates. (B) 
Confusion Matrix of the example 
when 0.29 is chosen as a threshold 
for accepting the probability to be 
a weak responder (red circle in A). 
The true positive rate of 0.80 

results in 24 out of 30 true weak responders getting a true weak prediction. The false positive rate of 0.24 
results in 14 out of 59 true strong responders getting a false weak prediction. The classification accuracy is 
0.78 with 69 out of 89 correct predicted patients. (C) Relative influence of all preoperative predictive variables. 
The blue bars represent the normalized Odds Ratios. The heights represent the effect on prediction outcome 



 

 
 

 
 
 
 

of a 1 unit increase in the specific variable, while all other variables stay equal. AUC, area under the curve; 
DBS, deep brain stimulation; H&Y, Hoehn & Yahr scale; LEDD, levodopa equivalent daily dosage; Levodopa 
response, difference between UPDRS III off-medication minus UPDRS III on-medication; off, off-medication; 
on, on-medication; ROC, receiver operate characteristic; TEED, total electrical energy delivered; UPDRS, 
Unified Parkinson Disease Rating Scale; PD, Parkinson’s disease. 
 
Performance of the prediction model 
The prediction model has a good general performance with an average AUC of the ROC of 0.79 
(standard deviation: 0.08) (figure 3A). 
When 0.29 is chosen as a threshold for accepting probabilities to become a weak responder, this 
leads to a true positive rate of 0.80 and a false positive rate of 0.24 (fig. 3A-B). This corresponds 
to a positive predictive value of 0.63 and a negative predictive value of 0.88. Selecting 0.29 as the 
threshold for probability acceptance leads to a classification accuracy of 78%, since 69 out of 89 
patients are predicted correctly. 
 
The relative influence values represent the influence, or weight, of each preoperative variable in 
the prediction model (fig. 3C). Older age at PD onset has the strongest relative influence for 
becoming a weak responder. High preoperative UPDRS III and IV scores in the on-medication 
condition are the strongest predictors for becoming a strong responder (figure 3C). Additionally, 
a high preoperative UPDRS II score, high scores on the categorical fluency and Stroop interference 
test, and higher H&Y score in the on-condition were moderate predictors for becoming a strong 
responder. 
 
Discussion 
 
Proof of concept of machine learning prediction in preoperative DBS outcome counselling 
The presented machine learning model differentiated between individual weak and strong motor 
responders one-year after STN DBS for PD with a good overall predictive performance, the AUC 
of the ROC was 0.78, and the classification accuracy was 0.78% (fig. 3A-B). These results contribute 
to a proof-of-concept of machine learning prediction of individual postoperative motor outcome, 
solely based on preoperative clinical variables. We want to stress that these results are the first 
step towards the clinical utilization of smart supportive computational models in the delicate, 
multifactorial decision-making process of DBS therapy counselling. To increase the likelihood of 
creating a beneficial clinical impact for the patient, a model should be interpretable for clinicians, 
generalizable over the aimed patient population, and the effect of a utilization on the quality of 
clinical care should be investigated.28  
  
Interpretation of the predictive performance and the clinical utilization 
A predictive machine learning model for clinical support generates individual outcome 
probabilities range from 0 to 1, rather than binary classes. The presented confusion matrix is an 
example of a clinical utilization where probabilities to become a weak responder higher than 0.29 
were accepted (see fig. 3A-B). The selection of this threshold will eventually determine the 
model’s clinical behaviour, usefulness, and its potential clinical impact on patient care. The value 
of this threshold leads to a different balance between false positive and false negative predictions 
(fig. 3B), and should be validated on an external cohort. The presented threshold is chosen to 
realize a good accuracy (78%) and to fit to the intended clinical utilization of this model. Since the 



 

 
 
 
 
 

majority of STN DBS candidates will experience a strong response, it is important that the clinician 
can trust a strong response prediction (negative predictive rate (0.88). Also, the model should 
create awareness about the chance of becoming a weak responder in case of increased risk. This 
requires a true positive rate, here 0.80.  
Further, the confusion matrix shows that most incorrect predictions are actual strong responders 
who get a weak responder prediction. The final decision will be accurately guided by the 
experience of the DBS team and will overrule the majority of these predictive inaccuracies. 
Therefore, the actual clinical usefulness and impact should be investigated in a prospective clinical 
study. Moreover, these numbers and considerations emphasize that a clinical decision support 
tool in a precarious setting as preoperative counselling for DBS therapy should have a warning 
role, instead of a directive role. The goal should be to support the clinician with validated 
numerical expectations, and ensure her or his awareness in case of a patient with a higher than 
average chance on suboptimal therapeutic effect.  
 
The clinical value of predicting STN DBS motor response in the preoperative phase 
Establishing an accurate prediction tool for motor outcome after STN DBS facilitates the clinician 
to improve patient counselling, expectation management, postoperative patient satisfaction, and 
potentially even patient selection.29 Due to the complexity and heterogeneity of individual STN 
DBS candidates, outcome prediction needs to be accompanied by a clinical expert’s appraisal. 
Moreover, the accuracy of a prediction model solely regarding clinical preoperative factors will 
always be limited due to the influence of surgical factors. Nevertheless, we intentionally chose to 
leave pre-, intra- and postoperative imaging and neurophysiology variables out of our model. This 
way, we ensure the model’s accessibility and usability in clinical practice. We aim to provide the 
clinician during preoperative counselling with numerical support regarding the most probable 
motor outcome for an individual patient.  
Further it is important to underline this model’s target patient population and clinical utilization. 
The model is designed for, and tested on, PD patients who were included for STN DBS 
implementation. This means the model should be applied to patients which are highly likely to be 
included for STN DBS implementation in the current care practices. In this population, the model 
is aimed to inform the clinician, and indirectly the patient, about a potential increased risk on a 
suboptimal motor response. This means the model is not developed to identify optimal STN DBS 
candidates from a general PD population.  
 
The additive value of machine learning methods for clinical decision support tools 
The applied predictive multivariate logistic regression model was chosen to overcome limitations 
inherent to conventional (univariate) logistic regression models.8,10,11 Traditional predictive or 
correlative analyses mainly result in a correlation between one preoperative variable and a 
postoperative outcome, while controlling for several confounding preoperative variables. The 
absence of confounders and predictive variable selection in machine learning models, makes 
them less  limited by sample size than traditional correlative analyses.25 The presented prediction 
model distinguishes itself by evaluating all available variables simultaneously. The applied cross-
validation decreases the restriction due to sample size and leads to less a-priori selection-bias. 
Nevertheless, the advantages of machine learning predictive models come with specific analysing 
risks. For example, an external validation is required to evaluate under- or overfitting of the 
model, and validation of the threshold for accepting probabilities. Further, we stress the 
importance of using interpretable predictive machine learning models. In contrast to more 



 

 
 

 
 
 
 

complicated models such as deep neural networks, interpretable machine learning models remain 
explainable. This is essential in evaluating clinical validity and creating clinical confidence in a 
supportive decision tool which are both important in realizing actual clinical impact.26  
 
Interpretation of the preoperative predictive variables in this model 
This overview of interpretable weight of each predictive variable is an advantage of the applied 
logistic regression in the prediction model (fig. 3C). This advantage enables clinicians to verify 
whether the ratio behind the predictions is clinically valid or whether predictions are based on 
unexpected variables. 
The reported large influence of higher age at PD onset on becoming a weak responder contradicts 
a finding of a meta-analysis that report younger age to be a positive predictor for a favourable 
outcome. Contrarily, the same meta-analysis reports longer PD duration as a predictor for 
favourable outcome.7  
Preoperative UPDRS III and IV scores in the on-medication condition have the largest relative 
influence values for becoming a strong responder in this model. High preoperative motor severity 
increasing the chance to become a strong responders is in line with the findings of a meta-analysis, 
although most included studies describe preoperative severity in the off-medication condition.7 
Evidence on the predictive value of symptom severity in on-medication condition is limited. The 
finding that H&Y scores do not majorly influence outcome probabilities is in line with previous 
literature. This literature describes that disease severity positively influences the chance on strong 
motor response, while axial and balance problems negatively influence this chance.7 Since H&Y 
severity is based on both these factors, an inconclusive effect is expected.  
Furthermore, there is literature on predictive or correlative variables and QoL outcome after STN 
DBS. We cannot compare these findings one-on-one with our findings. However, our holistic 
outcome classification aims to cover multiple aspects which influence QoL. High preoperative 
UPDRS III scores, and high UPDRS III levodopa response, are identified as important predictors of 
good QoL outcome, and motor outcome.7,10,11 Conversely, recent studies have failed to replicate 
this positive predictive value of UPDRS III severity, or UPDRS III levodopa response on QoL 
outcome, or motor outcome.8,9,12 Our findings are in line with some of these findings, since the 
absolute UPDRS III score showed a relevant influence, while the UPDRS III difference between on- 
vs. off-medication condition did not have a relevant influence. Regarding the reported influence 
of levodopa responsiveness, one should consider that LEDD is expressed in milligrams, which 
means that the relative influence of a unit increase (1 milligram) is not a clinically relevant 
increase. 
A high score on categorical Fluency is a small contributor to becoming a strong responder (fig. 3C). 
A high categorical Fluency score corresponds to better neuropsychological functioning. The 
contribution of the Stroop interference score is very small. Thus, there is no large influence of 
neuropsychological tests in our prediction model. 
Our lack of QoL scores prevented replication of previous findings which suggested that an 
impaired preoperative QoL-functionality predicts a large postoperative QoL improvement.8,14 
Likewise, the absence of a proper non-motor symptom scale hampered potential reproduction of 
the recently described importance of non-motor symptoms.13  
 
The reported influences of the preoperative variables on the outcome probability are mainly 
consistent with the literature, and are partly contradicting literature. We stress that the reported 



 

 
 
 
 
 

influences of this model cannot be seen outside the scope of this model. They are only reported 
to gain insight in the underlying weights which determine the probabilities.  
They cannot be interpreted on their own within individual patients when other variables in the 
model are disregarded. 
 
Limitations 
Our study is limited by its retrospective character. Missing preoperative data points were 
overcome by imputations. Outcome values were not imputed to prevent training of the model 
based on imputed self-generated data. Even though the imputation method was sound, the 
imputed values will never reach true values and will influence outcomes. Second, the internal 
consensus on the applied categorization for motor outcome is based on scientific grounds, but 
can always be disputed. The holistic approach including UPDRS II, III and IV, aims to cover aspects 
of daily life activities, motor symptoms, and adverse effects of treatment. Future work should 
include QoL metrics and investigate the correlation between (QoL) and the presented 
classification. We argue our approach in the Supplementary Material. Lastly, the accuracy of a 
preoperative prediction model will always be limited and contain variance due to the lack of 
surgical variables.  
 
Conclusion 
The presented prediction model identified strong vs. weak responders one-year after STN DBS for 
PD with a good classification accuracy. The potential distribution of predictive inaccuracies was in 
line with the aimed clinical utilization. These findings contribute to the proof-of-concept of 
machine learning prediction of individual motor outcome after STN DBS based on preoperative 
clinical variables.  
The reported preoperative variables cannot be interpreted separately outside the scope of this 
prediction model, but endorse the clinical reliability of the applied method. 
These results and considerations support the potential and the timely relevance of predictive 
clinical support tools for DBS outcome, and advocate further reproduction and validation in a 
representative, multicenter cohort. The optimal clinical utilization should be refined and the 
clinical additional value and impact should be clarified before a predictive clinical support tool can 
be applied during individual preoperative DBS counseling. 
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Supplementary material 
 
Surgical procedure 
PD patients were indicated for STN DBS based on severe motor symptoms despite optimal levodopa 
treatment, severe motor fluctuations, or dyskinesia, and often showed a good levodopa responsiveness.30 
Surgical electrode location was determined based on preoperative MRI trajectory planning, microelectrode 
recordings, and intra-operative testing. The first part of surgery was performed while the patient was 
cognizant, after which the lead and pacemaker implantation was completed under general anaesthesia. 
Postoperative CT examinations verified the electrode location. Postoperative stimulation parameters and 
dopaminergic drug therapy were set and managed by the neurologist in the outpatient clinic during regular 
follow-ups. 
 
The applied categorization for postoperative motor response 
Quantifying motor response after STN DBS is a challenging task at its own due to the variety in symptoms and 
the variety in decisive reasons for surgical inclusion. Symptom severity in on-medication state, time spend in 
off-time, frequency of on- vs. off-fluctuations, dopaminergic adverse effects all could be reasons to include a 
PD patient for STN DBS. Obviously, successful motor response after STN DBS is as diverse as these different 
reasons for surgery. Previous literature describes STN DBS outcome with a heterogenous variety of variables 
including UPDRS III severity in on- or off-conditions, time spent in on-condition, and QoL scales.2,3,5,8  
To identify the suboptimal responding minority of STN DBS patients objectively, we pragmatically created a 
holistic categorization based on available variables representing ADL, motor symptoms, and adverse effects 
(paper fig. 2). The applied cut off values are based on existing literature and are argued in the next paragraph 
of these supplementary material. In the absence of a validated QoL scale, we consider our categorization as 
the best possible definition of general unsatisfactory outcome. 
This categorization resulted in one-third weak responders, which is comparable to reported improvement 
ratios on quality of life after STN DBS.5,10,13,14 Especially since we regarded postoperative differences in on-
medication conditions instead of off-medication conditions; and postoperative surgical results are often 
comparable to the best state in on-medication condition.7 
The strong and weak responders significantly differed on all UPDRS changes, except for UPDRS III scores in on-
stimulation and off-medication condition compared to preoperative off-medication condition (table S1). A 
plausible explanation is that nearly all patients will benefit from stimulation compared to the untreated 
preoperative condition. We consider comparing on-medication states as more natural and realistic because 
therapy aims to keep patients in on-medication state most of the time.  
Given the concordance regarding preoperative and postoperative UPDRS scores and LEDD amounts between 
our cohort and the literature, we consider our cohort to be representative for the general STN DBS 
population.2,5 Our cohort showed an expected older age and more severe pre- and postoperative 
characteristics then a cohort included based on early motor complications.4 The observed neuropsychological 
deteriorations after STN DBS are also in line with previous findings.31  
 
Literature on clinically relevant UPDRS differences 
We searched PubMed using search terms: (Parkinson*) AND (UPDRS) AND ((clinical* relevant) OR (clinical* 
significant)) AND (improve* OR change OR difference). We selected papers which aimed to define minimal 
clinically relevant UPDRS changes and included predictive papers which used absolute thresholds for UPDRS 
changes in defining outcome. 
Table 1 shows the reported UPDRS differences suggested to be clinically relevant. 
 
 
 
 
 
 



 

 
 
 
 
 

 
 
 
 
 

Reference Compared (MDS-) UPDRS score Sign difference 

Kostoglu32 III Med-OFF vs. Med-OFF + STIM 38% 

Horvath22 III - 3.25 
+ 4.63 

Shulman33 III 
 
 
Total 

+/- 2.5 (minimal) 
+/- 5.2 (moderate) 
+/- 10.8 (large) 
+/- 4.3 (minimal) 
+/- 9.1 (moderate) 
+/- 17.1 (large) 

Schrag34 III 
II (H&Y > 2) 

+/- 5 
3 

Makkos35 II + III 
 
I + II + III 
 
Total 

-4.9 
+ 4.2 
-6.7 
+5.2 
-7.1 
+6.3 

Table S1: overview clinically significant changes in (MDS-)UPDRS scores reported in literature. 
 
For the UPDRS III score, the relevant differences range between 2.5 and 5 for the smallest relevant change. In 
one predictive analysis, a cut off change of 38% was used for UPDRS III off-medication. This translates to an 
absolute change of >10 in many patients. We averaged these findings and set the cut off for clinically relevant 
improvement on UPDRS III at 5 points. 
Since the UPDRS II and IV scores consist of fewer points, it is logical that the cut off values are lower. Based 
on the mentioned cut offs in the literature, we set the cut off for the UPDRS II and IV scores at 3 points. Every 
patient who improved more than 3 points on UPDRS II or IV was evaluated on UPDRS III change. When a 
patient deteriorated more than 7 points on UPDRS III, while improving on UPDRS II or IV, he or she was 
classified as a Weak responder. The 7 points cut off on UPDRS III represents the minimal clinical important 
difference of 5 points, and the natural disease progression of 2 points on UPDRS III scale per year23. 
 
Imputation methods 
We imputed missing values in the presurgical parameters using Random Forrest Regressors or Classifiers for 
each individual parameter. The models were trained on all participants that had the data available while 
missing values were imputed based on the available presurgical parameters for the remaining participants. 
For continuous parameters, we used Random Forrest Regressors while categorical parameters were imputed 
using Random Forrest Classifiers. Only presurgical parameters were imputed to ensure that our results were 
not based on imputed values. 
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Abstract 
 
Background: Subthalamic deep brain stimulation (STN DBS) is an established therapy for 
Parkinson’s disease (PD) patients suffering from motor response fluctuations despite 
optimal medical treatment, or severe dopaminergic side effects. Despite careful clinical 
selection and surgical procedures, some patients do not benefit from STN DBS. Preoperative 
prediction models are suggested to better predict individual motor response after STN DBS. 
We validate a preregistered model, DBS-PREDICT, in an external multicenter validation 
cohort. 
 
Methods: DBS-PREDICT considered eleven, solely pre-operative, clinical characteristics, and 
applied a logistic regression to differentiate between weak and strong motor responders. 
Weak motor response was defined as no clinically relevant improvement on UPDRS II, III or 
IV scales, one-year after surgery, defined as respectively 3, 5, and 3 points or more. Lower 
UPDRS III and IV scores, and higher age at disease onset contributed most to weak response 
predictions. Individual predictions were compared with actual clinical outcomes. 
 
Results: 322 PD patients treated with STN DBS, from six different centers were included. 
DBS-PREDICT differentiated between weak and strong motor responders with an area under 
the receiver operator curve of 0.76, and an accuracy up to 77%. 
 
Conclusion: Generalizability and feasibility of individual STN DBS outcome prediction based 
on preoperative variables are demonstrated in an external, multicenter cohort. For further 
development of clinically impactful prediction tools for individuals in DBS care, prospective 
studies are required to overcome several inherent practical and statistical limitations.



 

 
 

 
 
 
 

Introduction 
Parkinson’s disease (PD) is a neurodegenerative disease characterized by motor and non-motor 
symptoms and will affect up to 12 million patients worldwide by 2040.1, 2 Oral dopamine 
replacement therapies treat early disease symptoms well, disease progression or wearing-off 
effects may cause motor and non-motor fluctuations.3 Subthalamic nucleus (STN) deep brain 
stimulation (DBS) is an accepted and proven symptomatic treatment of early and advanced motor 
response fluctuations with satisfactory overall improvement in the majority of patients.4-6 
However, up to one-third of patients experiences suboptimal motor improvement 
postoperatively,7, 8 and decreasing this amount potentially would have to lead to clinical and 
socioeconomic impact. To realize this, several strategies are suggested such as improving 
preoperative selection,9, 10 optimizing surgical lead placement,11 and optimizing postoperative 
DBS programming or stimulation paradigms.12-14 
To improve preoperative selection, the relation between preoperative variables and 
postoperative outcome has to be understood better. Preoperative significant quality of life (QoL) 
impairment, severe motor symptoms, greater levodopa response, better cognitive performance, 
tremor-dominancy,  and younger age, have been correlated with better postoperative motor 
function improvement and QoL.15-19 It is important to note that there is no consensus about all 
relevant preoperative predictors, and some of them specifically are a matter of debate.20 Unlike 
the studies reporting these correlations,15-18 two studies developed a machine learning model to 
decrease the number of suboptimal responders with individual motor response predictions 
(figure 1).21, 22 Both proof-of-concept studies described a good prediction of a binary outcome in 
a retrospective single-center STN DBS cohort. They both were designed for preoperative 
application and did not consider intra- or post-operative variables.  
 

Figure 1: Schematic 
representation of methodology.  
Individual preoperative variables 
from six international centers are 
used as validation cohort (left 
panel). DBS-PREDICT’s 
preregistered logistic regression 
model is trained on a separate 
development cohort which is 
described earlier. It takes 
preoperative variables from one 
individual patient as input (middle 
panel). DBS-PREDICT returns an 
individual probability for showing 
a weak motor response one-year 
after STN DBS (right panel). 

 
Frizon et al defined favorable outcome as clinically relevant QoL improvement, and their model 
considered three preoperative variables which were most associated with favorable outcome. A 
logistic regression model was applied and validated using bootstrap sampling.21 The model 
applied in this study, DBS-PREDICT, defined unfavorable outcome as no clinically relevant 
improvement on the Unified Parkinson’s Disease Rating Scale (UPDRS) II, III and IV one-year after 
DBS implantation (figure 2). This outcome classification is strict, as it only requires improvement 



 

 
 
 
 
 

on one of the three variables to claim favorable outcome. DBS-PREDICT also utilized a logistic 
regression model which considered all 15 available preoperative variables and was validated via 
a ten-fold cross-validation.22 To enable model generalizability and statistical transparency, DBS-
PREDICT was retrained without preoperative neuropsychological and UPDRS I scores, and 
preregistered before data collection completion (ClinicalTrials.gov, NCT04093908).23 
Performance and predicting variable importance did not change relevantly after retraining (figure 
3 and supplementary material). 
To develop valid and generalizable clinical prediction models with an impactful clinical utilization, 
external validation is needed after model development and proof of concept.24, 25 Here, we 
present an external multicenter validation of the preregistered prediction model DBS-PREDICT. 
Additionally, we discuss next steps towards clinical impactful tools for individual DBS outcome 
prediction.  
 

 

Figure 2 (left): Flowchart demonstrating the definition of 
strong and weak motor response. Only if no clinically relevant 
improvement in UPDRS II, III, or IV is found, a patient is 
considered to be a weak responder. UPDRS: Unified Parkinson 
Disease Rating Scale. 
 
Figure 3 (right): Importance of all available preoperative 
predictive variables in DBS-PREDICT’s logistic regression 
analysis. Importances are expressed in normalized relative 
weights. Relative weights are retrieved from DBS-PREDICT’s 
logistic regression function after training the model on the 
development cohort. 

 
Methods 
 
DBS-PREDICT development 
Development details of the model are described previously,22 and will be briefly summarized here. 
In the development study, all available preoperative predictors were included, without 
preselecting predictors based on a sensitivity analysis. The preoperative variables included are 
gender, age at PD onset, PD disease duration, age at DBS, levodopa equivalent daily dosage 
(LEDD), UPDRS I, II, III, and IV, Hoehn & Yahr (H&Y) scales, and relevant neuropsychological 
assessments (Stroop test interference and Verbal Fluency categorical and letter tests). All 



 

 
 

 
 
 
 

preoperative tests were reported in on-medication condition, only UPDRS III and H&Y scale were 
reported both in on- and off-medication condition. 
Strong motor response was defined as a minimal clinical important difference (MCID) on UPDRS 
II, or III, or IV one year after STN DBS implementation (figure 2). Based on literature, MCID’s were 
set as respectively 3, 5, and 3 points.34-38 We chose to consider only UPDRS III change in on-
stimulation and on-medication condition, compared to preoperative on-medication because the 
daily life reflection of the fully dopamine-deprived off-medication condition can be disputed. The 
daily life influence of off-medication moments, we aim to capture via the narrative items 
regarding motor aspects of experiences of daily living in UPDRS II, and regarding off-fluctuations 
in UPDRS IV. This definition results in weak responders who do not show a MCID in activities of 
daily life (UPDRS II), nor in motor symptoms in optimal therapy condition (UPDRS III), nor in the 
burden or duration of adverse effects and off-periods (UPDRS IV).  
The proof of concept analysis demonstrated an area under the curve (AUC) of the receiver 
operator curve (ROC) of 0.88 (+/- 0.14), and a classification accuracy of 78%.22 In this analysis, 
optimal predictive performance was achieved when generated probabilities to become a weak 
responder above 0.24 were accepted as indicative. The importance of preoperative variables 
driving the prediction, and the classification accuracy did neither show significant, nor relevant 
change after the exclusion of these variables (figure 3 and supplementary material). The model is 
made available on GitHub (https://github.com/jgvhabets/DBSPREDICT). 
 
Patient population 
A retrospective multi-center cohort was collected as validation dataset. DBS centers were invited 
to provide data from PD patients who were treated with STN DBS. The following preoperative 
variables were collected: age at PD onset, age at DBS, disease duration, gender, LEDD, 
preoperative UPDRS II, III in on-medication and off-medication conditions, and IV scores, and HY 
scales in on- and off-medication conditions. The following postoperative variables were collected 
from one-year follow-up moments: UPDRS II, III in on-medication and on-stimulation conditions, 
and IV scores. 
Approval of a local ethical committee was received that this study agreed with the Good Clinical 
Practice norms and the Declaration of Helsinki (METC azM/UM: 2018-0739-A-9). 
 
Descriptive statistical methods 
Pre- and postoperative variables from the current multi-center population and the initial single-
center training population were compared. Continuous variables were evaluated for significant 
differences with Mann-Whitney-U analyses since sample sizes differed and not all variables were 
normally distributed. The distributions of weak responders in the multi-center validation cohort 
and the development cohort were compared using a Chi-squared test. 
 
Predictive statistical methods 
The model generated a probability to become a weak responder based on the preoperative 
variables for every individual patient. If the generated probability is higher than a preset 
threshold, the model predicts a weak motor response. The predictive performance was analyzed 
with both the default threshold of 0.5,26 as well as the optimal threshold from the development 
study, 0.24, since the development cohort was as unbalanced as the validation cohort.22 To 
provide a valid and understandable evaluation of the performance of the model, we report the 



 

 
 
 
 
 

AUC of the ROC, positive and negative predictive values (respectively PPV and NPV), the sensitivity 
and the accuracy.  
Findings are presented in line with TRIPOD guidelines for artificial intelligence predictive 
modeling.39, 40 
Results 
 
Patient population 
Six different DBS centers in Europe, Asia and North America participated in this validation study. 
In total, 344 PD patients were included who were treated with STN DBS, completed a one-year 
postoperative follow up, and whose records contained all required variables. After removing 
missing data, 322 patients were included in the validation cohort. The descriptive statistics and 
distributions of the pre- and postoperative variables of the validation cohort are shown and 
compared with the development cohort in supplementary table 1. 
 
The presented validation cohort had 26% weak responders (83 out of 322), compared to 30% in 
the development cohort (27 out of 90). This indicated that the populations do not have 
statistically significant differences in distribution of strong and weak responders (Chi-square 
statistic of 2.892, p = 0.089). To test statistical significance of individual pre- and postoperative 
variables, a Bonferroni corrected p-value of 0.0038 is used. The validation cohort had a lower rate 
of female patients. The preoperative UPDRS III scores were significantly higher in the 
development cohort, together with a significantly lower LEDD preoperatively. Postoperatively, 
both UPDRS III and LEDD did not differ significantly between the two cohorts.  
 

Figure 4: Performance of prediction model in validation cohort. Left: receiver operator curve showing true 
positive rates and false positive rates for different thresholds, both analyzed thresholds are showed with red 
circles. Middle: confusion matrix corresponding to 0.50 threshold. Right: confusion matrix corresponding to 
0.24 threshold. 
 
Predictive performance 
The individual preoperative variables of all 322 were inserted in DBS-PREDICT, which led to 322 
binary outcome predictions. This was repeated with two different scenarios. In the first scenario, 
a default threshold for probability acceptance of 0.50 was chosen.26 In the second scenario, the 
optimal threshold from the development study, 0.24, was applied.22 The generated binary 
outcome predictions were compared with the binary outcome classes based on the actual 
postoperative variables. 



 

 
 

 
 
 
 

DBS-PREDICT differentiated between strong and weak motor responders with an AUC of 0.76 
(figure 4, left panel). The default threshold classified all probabilities above 0.5 as weak 
predictions (figure 4 middle panel). This led to an accuracy of 0.77 (248 correct predictions, out of 
322). The numbers in the confusion matrix led to a sensitivity of 0.29 (predicted 24 out of 83 true 
weak responders correctly), a positive predictive value of 0.62 (out of 39 weak predictions, 24 
were correct), and a negative predictive value of 0.79 (out of 283 strong predictions, 224 were 
correct) (table 1). The threshold chosen after the results of the development cohort (0.24) (figure 
4, right panel), led to an accuracy of 0.73 (236 correct predictions, out of 322). This threshold led 
to a sensitivity of 0.58 (predicted 48 out of 83 true weak responders correctly), a positive 
predictive value of 0.49 (out of 99 weak predictions, were correct 48), and a negative predictive 
value of 0.84 (out of 223 strong predictions, 188 were correct) (table 1). 
 

 Threshold 0.5 Threshold 0.24 * 
Accuracy 0.77 (248 / 322) 0.73 (236 / 322) 
Sensitivity 0.29 (24 / 83) 0.58 (48 / 83) 
Positive Predictive Value 0.62 (24 / 39) 0.49 (48 / 99) 
Negative Predictive Value 0.79 (224 / 283) 0.84 (188 / 223) 

Table 1: Predictive performance of DBS-PREDICT for two analyzed thresholds for accepting probabilities to 
become a weak responder. *: threshold from development results. 
 
Discussion 
We demonstrated the feasibility and generalizability of the preregistered DBS-PREDICT model in 
a retrospective multicenter validation cohort which is representative for the global STN DBS 
population. Our results are an important next step towards impactful clinical decision support 
systems (CDSS) for DBS care. They underline the potential of preoperative individual motor 
response prediction as a method to improve STN DBS motor outcome.21, 22 In general, the 
translation from a potent machine learning prediction model into a CDSS with clinical impact is 
notoriously complex and faces several inherent challenges.27, 28 Therefore, our findings and 
considerations are valuable for DBS CDSS development regardless of input variables or DBS 
indication.  
Clinical impact of a CDSS is defined as the change in patient care resulting from its 
implementation,24 and depends on the following three factors: 1) the generalizability of the model 
to external patient populations and centers, 24, 25 2) the quality and understandability of numeric 
predictive results of a model,24 and 3) the presence of a well-considered, clinically realistic 
utilization, including the socioeconomic impact of the utilization.29 We will discuss how our results 
contribute to points 1 and 2, which limitations should be considered, and how this work paves the 
way for investigating point 3.25  
 
Model generalizability and usability 
Generalizability of DBS-PREDICT was demonstrated by the high accuracy and AUC score in the 
external validation cohort. This cohort was representative for the global STN DBS population.4-6, 8 
The small differences in preoperative characteristics between the development and validation 
cohort were not troublesome (supplementary table 1). The most relevant difference between the 
two cohorts were the higher preoperative UPDRS III scores in the development cohort together 
with the lower amount of LEDD (supplementary table 1). This could be explained by a more 
conservative pharmacological strategy in the development cohort compared to the validation 



 

 
 
 
 
 

cohort. Since the postoperative separate UPDRS scores, the weak responder ratio, and the LEDD 
all not differed postoperatively, we assume both cohorts were comparable and representative 
STN DBS cohorts.  
To ensure generalizability and usability among different DBS centers, DBS-PREDICT is deliberately 
founded on preoperative, clinical variables which do not require specific radiologic, or 
neurophysiological features. It is beyond doubt that perioperative and postoperative, surgical, 
radiological, and neurophysiological variables influence a patient’s motor response. DBS-PREDICT 
aims nonetheless to provide a numeric support about expected motor response during 
preoperative counseling, within the possibilities of this conceptual limitation. Also, more detailed 
clinical variables such as UPDRS sub scores instead of sum scores have the theoretical potential 
to improve individualization of the prediction model. In a retrospective setting it is difficult to 
include large enough populations including similar detailed scores. Therefore, we suggest 
preregistered, prospective data collection to investigate the additional value of detailed clinical 
variables. 
 
Quality, understandability and interpretation of predictive performance 
DBS-PREDICT showed a good classification accuracy in both analyzed utilizations of 0.77 and 0.73, 
and an AUC of 0.76 (figure 4, table 1). The absence of a comparable validation study of a DBS 
outcome CDSS in the literature does not allow comparison of these results. However, results are 
in line with the two available model development studies.21, 22. This supports the feasibility of 
preoperative identification of weak motor responders in STN DBS care. Nevertheless, the clinical 
utilization of DBS-PREDICT still has to be discussed thoroughly. The current positive predictive 
values and sensitivities are not sufficient to withdraw predicted weak responders from DBS 
implantation (table 1). This emphasizes that a CDSS for a clinically highly complex and multi-
factorial process such as DBS candidate selection should be approached with caution.30 Clinicians 
need to understand the predictive performance of a CDSS and how it can support the DBS team, 
rather than replacing the team of clinicians in decision making.24 The applied logistic regression, 
intentionally chosen over more complex machine learning models, contributes to this 
interpretability among clinicians. In general, logistic regression models are often non-inferior 
compared to more complex models for clinical applications.31 
To improve both the predictive performance and the clinical understanding among clinicians, 
future CDSS development could combine clinical judgement and numerical support by a CDSS. For 
example, a CDSS could be designed and validated in a preoperative selected population by the 
clinician. This would also allow to explore the interaction between clinician and CDSS.  
 
Tradeoffs and considerations of an impactful clinical utilization 
As touched upon in the latter paragraph, a clinical utilization should be realistic to implement and 
be clinically useful and impactful. During the development and validation of DBS-PREDICT, all 
included patients underwent STN DBS based on the current clinical selection. To develop a CDSS 
to improve STN DBS inclusion, referred surgical candidates who are rejected in current practice 
should be included in future CDSS development and validation. 
The exact moment of use in clinical DBS practice will also influence the interpretation of a CDSS’ 
balance between false positive and false negative prediction. The consequences of a weak 
responder falsely predicted to respond strong, and vice versa, are depending on the CDSS’ role in 
clinical decision-making. A broad understanding of these challenges among clinicians and 



 

 
 

 
 
 
 

researchers is of major importance for the increasing attention CDSSs will get the upcoming 
decade.24, 28, 30 
 
The potential socioeconomic impact   
DBS care in PD is subject to large variations in disease symptomatology and progression, 
therapeutic strategies, and international differences in insurance and health care systems. These 
factors complicate a valid indication or measurement of the potential socio-economic impact of 
a DBS outcome CDSS. Current DBS therapy in PD is cost-effective compared to best medical 
treatment. This means the increased QoL is relatively larger than the increased health care costs.32 
Improved preoperative counseling and selection with CDSS’s hold potential to lower absolute 
perioperative costs by preventing unsuccessful cases. Moreover, patients experiencing a less 
favorable outcome might be better prepared for this due to the improved preoperative 
counseling. This could lead to increased postoperative satisfaction, resulting in a better quality of 
life.33 Thorough socioeconomic analyses should be included in future prospective CDSS 
development and data collection.25 When a CDSS is not proven yet, data collection without 
interfering in clinical care should be considered.25 
 
Alternative approaches for preoperative STN DBS outcome improvement  
We want to stress that preoperative prediction based on clinical variables is one of several 
approaches to improve patient outcome. Advances in structural and functional imaging of the 
whole brain and its connectivity, hold potential to improve the preoperative target selection and 
surgical planning.9 Better understanding of the STN itself can lead to more stable motor 
improvements as well.11 Moreover, increasing insights in the clinical non-motor characteristics, 
genetic profiles, and neurophysiological characteristics and their relation with DBS outcome can 
improve patient selection, counseling and outcome.18 All these approaches do not exclude each 
other and can improve DBS outcome in PD in a complementary way in the future. The discussed 
considerations regarding clinical impact realization, outcome definition and future study design 
are relevant for all different DBS CDSS’s. 
 
Limitations 
This study is subject to several limitations, of which some are inherent to its retrospective nature. 
Limitations are minimized by preregistering the model, which mimicked a prospective application 
of the model. While the preregistration strengthened the statistical value, it did not allow to 
include new variables. We attempted to overcome the lack of a QoL-instrument as an outcome 
variable, by using a holistic outcome classification. The outcome classification covers minimal 
clinical important differences in a wide spectrum of factors influencing QoL: daily life 
performance, motor symptom severity, and adverse effects suffering (respectively UPDRS II, III, 
IV). To ensure generalizability, only sum scores were included instead of detailed clinical variables. 
Variance in clinical and administrative processes only allows a complete and detailed inclusion of 
pre- and postoperative variables via prospective data collection. A more complete and detailed 
data collection would require a development study first, and an external validation study 
afterwards.  
The binary outcome classification can be disputed. This approach, however, aligns with the clinical 
decision in the individual patient to offer DBS or not. We emphasize that we followed large DBS 
trials in the pragmatic choice of selecting UPDRS sum scores as outcome variables.7, 8 For the 



 

 
 
 
 
 

evidence and considerations we provide here, consensus about the outcome definition does not 
have the highest priority. For future prospective, preregistered, DBS CDSS data collection, this has 
one of the highest priorities. 
Local variation in pharmacological and DBS-programming strategies are neglected by the model. 
Due to the amount of data required by data-driven models, this currently cannot be overcome, 
and a wide generalizability is essential. Further, preoperative prediction of DBS outcome will 
always be limited by the absence of peri- and postoperative variables describing surgical electrode 
placement and surgical complications. This limitation is inherent to clinical role of a preoperative 
CDSS. Postoperative approaches to improve DBS outcome like directional steered stimulation or 
closed-loop DBS should always be considered for a sub optimal responding patient group.  
 
Conclusion 
Preoperative individual STN DBS outcome prediction is feasible in an external multicenter cohort 
using a preregistered model. The results and perspectives endorse next steps in the development 
of impactful CDSSs for individualized DBS care.  
We emphasize the need of prospective and preregistered multicenter studies to overcome 
clinical, practical, and statistical challenges in the development of CDSS models for individual DBS 
decision making in PD care. These studies can be considered an obligatory next step before clinical 
implementation.   
 
  



 

 
 

 
 
 
 

Supplementary Material 
 
Literature for deciding minimal clinical important differences of outcome variables 
A PubMed search was done using search terms: (Parkinson*) AND (UPDRS) AND ((clinical* relevant) OR 
(clinical* significant)) AND (improve* OR change OR difference). Papers were selected which aim to define 
minimal clinical important differences of UPDRS changes. The majority of evidence found describes UPDRS III 
differences. Table S1 summarizes results of this search. 
 

 UPDRS scores subject of 
research 

Minimal clinical important 
difference 

Kostoglu34 III Med-OFF vs. Med-OFF + 
STIM 

38% 

Horvath35 III - 3.25 
+ 4.63 

Shulman38 III 
 
 
Total 

+/- 2.5 (minimal) 
+/- 5.2 (moderate) 
+/- 10.8 (large) 
+/- 4.3 (minimal) 
+/- 9.1 (moderate) 
+/- 17.1 (large) 

Schrag36 III 
II (H&Y > 2) 

+/- 5 
3 

Makkos37 II + III 
 
I + II + III 
 
Total 

-4.9 
+ 4.2 
-6.7 
+5.2 
-7.1 
+6.3 

Table S1: overview clinically significant changes in UPDRS scores reported in literature. 
 
For the UPDRS III score, the relevant differences range between 2.5 and 5 for the smallest relevant change. In 
one predictive analysis, a cut off change of 38% was used for UPDRS III off-medication. This translates to an 
absolute change of >10 in many patients. We averaged these findings and set the cut off for clinically relevant 
improvement after STN DBS at 5 points. Since the UPDRS II and IV scores consist of fewer points, it is logical 
that the cut off values are lower. Based on the mentioned cut offs in the literature, we set the cut off for the 
UPDRS II and IV scores at 3 points. 
 
Adjustment prediction model 
For feasibility reasons of the data collection, we trained our prediction 
model after excluding neuropsychological variables and without 
preoperative UPDRS I as preoperative predictors. The performance of 
the model did not change significantly. The area under the receiver 
operator curve was 0.85 (standard deviation 0.06), and the optimal 
classification accuracy was 0.83. The weights of the individual predicting 
variables were also comparable to the weights of the earlier published 
model.22 The adjusted model was preregistered and not optimized 
anymore based on the newly collected data for the validation cohort.23 
 
Figure S1: Receiver operator curve of adjusted model without 
neuropsychological variables and UPDRS I.  



 

 
 
 
 
 

 
Figure S2 (left): Variable weights in adjusted model without neuropsychological variables and UPDRS I.  
Figure S3 (right): Variable weights in original model published in pre-print (adapted from Habets et al, 
medrXiv 2019) 
 

 Current cohort (mean (standard 
deviation), unless †) 

Development cohort  (mean 
(standard deviation), unless †) 

Total number of patients collected 334† 127 † 
Included patients after exclusion due to 
missing data 

322† 90 † 

Gender (female/ male) 95/227 † 37/53 †,†† 
Age at DBS surgery (years) 0058 (8) 0061 (8)  
Disease duration (years) at DBS surgery 0011.5 (4.7) 0010.6 (5.1) 
LEDD preoperative (mg) 1525 (648) 1197 (622) †† 
LEDD one year postoperative (mg) 0731 (444) 0665 (513) 
UPDRS II preoperative* 0010.7 (6.9) 0009.8 (6.5) 
UPDRS II one year postoperative* 0008.8 (5.4) 0009.7 (5.5) 
UPDRS III preoperative* 0017.3 (8.7) 0021.8 (12.5) †† 

UPDRS III preoperative, off-medication 0044.4 (14.3) 0039.4 (13.2) †† 
UPDRS III preoperative change** 0 -27.1 (12.2) 0 -18.9 (13.4) †† 
UPDRS III one year postoperative* 0015.1 (8.5) 0016.6 (10.0) 
UPDRS IV preoperative* 0007.8 (3.3) 0005.5 (4.0) 
UPDRS IV one year postoperative* 0003.5 (2.8) 0002.7 (2.4) 

Preoperative HY scales* (in number of 
patients) 

1:    01.9 %† 
1.5: 02.2 % 
2:    69.9 % 
2.5: 17.1 %  
3:    07.5 % 
4:    01.2 % 
5:    00.3 % 

1:    02.4 % † 
1.5: 02.4% 
2:    16.5 % 
2.5: 40.0 % 
3:    28.2 % 
4:    10.6 % 
5:    000 %  

Preoperative HY scales in off-medication (in 
number of patients) 

1:    00.0 % † 
1.5: 00.3 % 
2:    37.0 % 
2.5: 16.5 % 
3:    33.9 % 
4:    09.6 % 
5:    02.8 % 

NA 

 
Table S1: Descriptive pre- and postoperative variables. 
*: best medical condition, on-medication for preoperative variables, and on-medication and on-stimulation 
for postoperative variables; **: preoperative difference between off-medication vs. on-medication; †: 
numerical description, mean not applicable; ††: statistically significant difference between cohorts, p-value < 
0.0038 (Bonferroni corrected for 13 variables). Gender compared with chi-squared test, other variables 
compared with Mann-Whitney-U test. DBS: deep brain stimulation, HY: Hoehn and Yahr, LEDD: levodopa 
equivalent daily dosage, mg: milligram, UPDRS: Unified Parkinson Disease Rating Scale.  
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Abstract 
 
Advancing conventional open-loop DBS as a therapy for Parkinson’s disease (PD) is crucial for 
overcoming important issues such as the delicate balance between beneficial and adverse effects 
and limited battery longevity that are currently associated with the treatment. Closed-loop or 
adaptive DBS (aDBS) aims to overcome these limitations by real-time adjustment of stimulation 
parameters based on continuous feedback input signals that are representative of the patient’s 
clinical state. The focus of this update is to discuss the most recent developments regarding 
potential input signals and possible stimulation parameter modulation for aDBS in PD. Potential 
input signals for aDBS include basal ganglia local field potentials, cortical recordings 
(electrocorticography), wearable sensors, and eHealth and mHealth devices. Further, aDBS can 
be applied with different approaches of stimulation parameter modulation, the feasibility of 
which can be adapted depending on specific PD phenotypes. The implementation of technological 
developments like machine learning show potential in the design of such approaches, however 
energy consumption deserves further attention. Further, we discuss future considerations 
regarding the clinical implementation of aDBS in PD.  
  



 

 
 

 
 
 
 

Introduction 
Conventional deep brain stimulation (cDBS) of the subthalamic nucleus (STN) or the globus 
pallidus internus (GPi) is an established treatment for advanced stage Parkinson’s disease (PD). 
While cDBS improves the motor symptoms of PD in both the short and long-term, it is not without 
limitations.1, 2 Stimulation-induced side-effects such as dysarthria,3 imbalance, and dyskinesia can 
occur and often require regular adjustments in stimulation, especially in the first phase after 
surgery.4 Moreover, cDBS has limited battery life. These limitations have led to development and 
expanding scientific interest in closed-loop, responsive, or adaptive DBS (aDBS) (figure 1). For 
consistency reasons, only the term aDBS will be used. 
 
Figure 1: Yearly number of publications on adaptive deep brain 
stimulation in Parkinson’s disease. Searched on Pubmed on 5-3-2018, 
using search command: [(parkinson*) AND (adaptive OR (closed loop) 
OR (closed-loop) OR responsive) AND (dbs OR stimulation)]. 
 
In cDBS, stimulation parameters are traditionally 
programmed and evaluated by a clinician during outpatient 
visits. If necessary, stimulation parameters are adjusted, and 
patients can perform minor changes within pre-set ranges 
themselves later. The goal of aDBS is to optimize this process 
further and automatically adapt stimulation parameters to 
the fluctuating clinical state of the patient, where in theory, stimulation is given only when 
necessary. As such, aDBS may generate fewer side-effects due to the possible decrease in energy 
given. In addition, although more power may be needed for data processing, the required battery 
consumption for stimulation potentially decreases and could result in increased battery longevity. 
Clinical proof-of-concept studies have already shown beneficial results using electrophysiological 
and/or wearable sensor recordings as feedback signals for aDBS in PD.5, 6 The next step is to 
confirm whether such an approach continues its efficacy in the long term and to discuss new 
issues on the design of aDBS.   
 
The development of a valid aDBS system in PD faces major challenges such as creating suitable 
input and processing input signals into beneficial output. In the following sections we present an 
update, future needs and possibilities for input signals, and stimulation paradigms for aDBS in PD. 
Much of the technological and clinical knowledge and experience discussed here also relates to 
the use of aDBS in other fluctuating neurologic and psychiatric diseases such as essential tremor 
(ET), dystonia, epilepsy, Tourette syndrome, and obsessive-compulsive disorder. 
 
Potential input signals for aDBS 
To develop a valid aDBS system, robust input signals representing the main PD symptoms are 
needed (figure 2). Symptoms vary from patient to patient, and therefore the suitability of input 
signals differs for individual patients (figure 3). Further, the necessity of supplementary (non-
)invasive implants or devices, as well as additional processing and computational demands should 
be taken into consideration when comparing input signals. A comprehensive and concise 
overview of rationales and basic principles regarding potential input signals has recently been 
reviewed elsewhere.7 We will elaborate further on previous work by discussing up-to-date 
progress and the remaining challenges regarding potential input signals for aDBS in PD. 
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aDBS based on electrophysiological recordings 
Basal ganglia recordings 
New generation DBS pulse generators can record local field potentials (LFPs), which have been 
correlated with clinical symptoms in several studies. For example, decreased beta band (8-35 Hz) 
activity in the STN by dopaminergic medication and/or DBS has been correlated with improved 
akinesia, bradykinesia, and rigidity,8, 9 but not with tremor.10-12 However, others found a 
correlation between STN-LFP recordings and tremor.13, 14 Further, freezing-of-gait-periods 15 and 
differentiation between speech and movement activities 16 can be detected using STN-LFPs. Such 
differentiation of clinical indications underlines the potential of STN-LFP recordings as promising 
input signals, with the added benefit of not requiring additional implants or equipment compared 
to cDBS.17 
 
A number of proof-of-concept studies using beta-
LFPs to modify aDBS have shown motor 
improvement,6, 18 less speech impairment,19 and 
less levodopa-induced dyskinesia compared to 
cDBS,20 which suggests this is a more efficient and 
effective method of stimulation. Moreover, a 
recent study demonstrated the feasibility and 
beneficial effects on motor symptoms of aDBS 
over the course of eight hours in akinetic-rigid PD 
patients.21 Previous studies had already shown 
aDBS was applicable and effective in a freely 
moving22 and a chronically implanted PD 
patient.23  
 
Figure 2: Schematic overview of the most used possible input signal origins for adaptive deep brain stimulation in 
PD. Sensors can also be worn on different locations, for example the chest, legs, or fingers. LFP: local field potential, 
recorded in the subthalamic nucleus. ECoG: electrocorticography. 
 
Nevertheless, beta-LFPs in the STN are not (easily) detectable in all patients,8 although this long-
standing assumption has been contradicted recently.24 Second, changes in beta-LFPs do not 
clearly capture all main symptoms of PD. For example, the relationship with tremor is debated. 
Although other STN-LFP signals like theta band (3-8 Hz) activity show promise in relation to 
tremor,14 additional input signals to monitor tremor might be needed.24, 25 Third, the clinical 
relevance or symptomatic contribution of high- versus low-beta-bands is a topic of discussion.26, 

27 Lastly, alpha/beta-band-activity is influenced by daily life events such as rest-tremor,24 
voluntary movements,28, 29 movement artifacts during gait,30 different vigilance states and sleep,31 
and aDBS itself,32 which makes the isolation of disease-related signals difficult. 
 
Despite these challenges, basal ganglia LFPs have been shown to function as a suitable input signal 
for aDBS. The main challenge to enable clinical use of LFPs is the development of standardized 
techniques that allow for automatic and validated interpretation of input signals. Therefore, 
further development of the hardware and software of aDBS systems is needed to acquire various 
frequency bands or additional input signals. Eventually, these sophisticated aDBS systems should 
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better suit the difference in clinical needs between akinetic-rigid and tremor-dominant PD 
patients.   
 
Cortical recordings  
A hallmark of PD is pathological hyperactivity of the corticobasal pathways, which is attributed to 
dopamine denervation of the striatum and substantia nigra.33 This hyperactivity results in 
clinically identifiable cortical oscillations which can be measured invasively via 
electrocorticography (ECoG) using a subdural grid. aDBS can utilize these cortical oscillations as 
an input signal. For instance, one study showed that GPi-aDBS in non-human primates based on 
motor cortex (M1) beta-activity resulted in beneficial effects on akinesia.34 Spatial-specific 
attenuation of cortical beta-hypersynchrony was also demonstrated in humans subsequent to 
STN-DBS.35 Recent studies use phase-amplitude-coupling (PAC), whereby the amplitude of 
specific bandwidth-oscillations is coupled to specific oscillation-phases. In akinetic-rigid PD 
patients, excessive M1-beta-gamma-PAC decreased during STN-DBS, parallel to a decrease of 
clinically assessed bradykinesia.36, 37 In contrast, in tremor-dominant PD patients, excessive M1-
beta-PAC decreased during rest tremor.38 Moreover, ECoG recordings showed potential to 
monitor dyskinesia,39 gait-characteristics, such as walking duration and speed,40  and to perform 
speech recognition.41 The interpretation of cortical PAC-values therefore requires differentiation 
between phenotypic manifestations.  
This work led to use of a fully implanted ECoG-based aDBS device in PD patients who experienced 
moderate dyskinesia despite optimized STN DBS therapy.42 The authors adjusted stimulation 
voltage based on gamma-band (60 – 90 Hz) activity, which is related to dyskinesia. The clinical 
effect on bradykinesia and dyskinesia was maintained, while energy savings were ~40%. 
 
A remaining concern is the limited correlation with PD symptoms and PAC attenuation due to 
movement preparation and execution.37 Equal to beta-LFP in the STN, cortical beta-PAC is altered 
by DBS, which has implications for the analytic process.43 Moreover, the time-frequency method 
used most often in PAC analysis might cause artifacts due to ignorance of the existence of both 
harmonic and non-sinusoidal neural dynamics in PD.44 Another concern is that implantation of 
subdural grids may be associated with increased risk of complications such as hemorrhage and 
infection. As recently demonstrated, the use of cortical PAC is promising due to its potential ability 
to decode movement and behavior. Therefore, further steps are warranted to integrate the 
analyzed information from PAC and to develop analytic algorithms for different PD symptoms to 
perform aDBS based on cortical recordings in the whole PD spectrum. 



 

 
 
 
 
 

 
Figure 3: Overview of published 
evidence of the feasibility of different 
input signals regarding different 
Parkinsonian symptoms for adaptive 
deep brain stimulation in Parkinson’s 
disease. All input signals are scored on 
three categories per symptom. For each 
category 0, 0.5 or 1 bullet is given and 
the sum of them is visualized.  
The first line indicates the amount of 
publications: not possible yet (0), first 
reports (0.5), repeated reports (1). The 
second line indicates the quality of 
reported evidence: no evidence (0), 
small evidence (0.5), reproduced 
evidence (1). The third line indicates the 
amount of consensus on the use of an 

input signal for a symptom: no consensus (0), on debate (0.5), starting consensus (1). 
 
Surface electromyography 
For several decades, surface electromyography (sEMG) signals have been used in tremor 
detection and more recently in tremor prediction.45-48 Therefore, sEMG is considered to be a 
potential input signal for aDBS for ET and tremor-dominant PD. sEMG-based aDBS was feasible, 
effective, and efficient in ET patients.49-51 Since the evidence of sEMG-based bradykinesia and 
rigidity detection methods is limited,52, 53 sEMG should be combined with other input signals for 
akinetic-rigid PD patients. Another major concern of sEMG based aDBS is the potential loss of data 
quality due to the required self-management of sEMG sensors by patients. Furthermore, the 
signals must be processed and transmitted wirelessly to the pulse generator, which in turn may 
limit its battery life. To overcome these disadvantages, wireless sEMG sensors should be 
developed to withstand high contact impedances by using, for example, interchangeable patches 
to attach them to the skin, or subcutaneous implantable EMG electrodes. However, the limited 
potential of sEMG as an input signal and the current progress in wearable sensor development 
seem to make sEMG impractical for aDBS in PD. 
 
aDBS based on neurochemical recordings  
As stated in previous work, the development of aDBS based on neurochemical recordings is in an 
early phase.7 Artifact-free neurochemical recordings were possible during DBS in rodents,54 and 
dopamine fluctuations depending on DBS were found.55 Therefore, neurochemical recordings 
were regarded to be potential input signal for aDBS, however the relationship between 
neurochemical recordings, PD symptoms, and DBS in humans has not been explored. Since no 
progress has been reported recently, the limitations for clinical use of neurochemical feedback in 
aDBS remain substantial.  
 
aDBS based on wearable sensors 
Monitoring PD symptoms through wearable sensors, or ‘wearables’, containing accelerometers 
and/or gyroscopes has gained considerable interest, and important progress has been made in 
the last decade.56 Wearables are successful in predicting and detecting tremor46, 48, 57 and show 
promise in assessing freezing-of-gait,58 bradykinesia, and dyskinesia.59-61  

Input signal vs. 
Parkinsonian 
symptoms

Correlation 
w/ tremor

Correlation 
w/ bradykinesia/ 
rigidity

Correlation 
w/ (freezing of) gait

Correlation 
w/ dyskinesia

Correlation 
w/ non-motor 
symptoms

Subcortical 
recordings 
(STN LFP)

Cortical recordings 
(ECoG)

Wearable sensors 
(accelerometer,
gyroscope)

Mobile application

-repeated reports
-small evidence
-on debate

-first reports
-no evidence
-no consensus

-repeated reports
-reproduced evidence
-starting consensus

-first reports
-no evidence
-no consensus

-repeated reports
-reproduced evidence
-starting consensus

-repeated reports
-reproduced evidence
-starting consensus

-first reports
-small evidence
-no consensus

-repeated reports
-no evidence
-no consensus

-first reports
-small evidence
-no consensus

-not possible yet*

-first reports
-small evidence
-no consensus

-first reports
-no evidence
-no consensus

-first reports
-small evidence
-no consensus

-first reports
-small evidence

-first reports
-small evidence
-no consensus

-first reports
-no evidence
-no consensus

-first reports
-no evidence
-no consensus

-not possible yet *

-not possible yet

-repeated reports
-small evidence
-no consensus

* In Parkinsonian patients, repeatedly reported with small evidence in other diseases.



 

 
 

 
 
 
 

Numerous studies based on tremor detection have supported the feasibility, effectiveness, and 
efficiency of wearables-based aDBS.5, 51, 62 However, no other PD symptoms are yet detectable or 
implemented with wearable aDBS systems, and therefore the applicability for akinetic-rigid PD 
patients is unclear.62  
 
The application of wearables for aDBS will rely heavily on machine learning approaches for 
distinguishing symptoms from voluntary movements.63 Another concern is that patients will need 
to wear the sensors almost chronically. However, since sensors are getting smaller and more 
aesthetically attractive, this might not be a problem for all. In addition, continuous assessment of 
PD symptoms at home using wearables does not affect the health-related quality of life.64 Lastly, 
signal processing and wireless data transmission may limit battery life of wearables and pulse 
generators. 
 
To implement aDBS controlled by wearables, algorithms to monitor other cardinal motor-
symptoms than tremor need further development and clinical validation to expand the potential 
for akinetic-rigid PD patients. For tremor-dominant patients, clinical trials with longer follow-up 
periods should be done to prove superiority compared to cDBS. 
 
aDBS based on PD monitoring systems including eHealth and mHealth applications 
Wearables and electrophysiological recordings disregard the subjective experience of motor 
symptoms and the assessment of non-motor symptoms. We believe subjective experience of 
motor symptoms could improve the interpretation of objective motor symptom monitoring. Non-
motor symptoms are important for quality of life scores and might predict overall DBS 
outcomes.65 Electronic health (eHealth) and mobile health (mHealth) applications and 
telemonitoring concepts have been recently integrated into PD care and contain the 
aforementioned missing features.66-69 Most of these developments are achieved in order to 
improve PD care and to ensure its accessibility and cost-effectiveness.70, 71 However, these 
developments also hold promise for aDBS. 
 
A recent trial demonstrated that cDBS-setting adjustment via telemonitoring was feasible.72 
Introducing automated monitoring and increasing the frequency of DBS-setting adjustment brings 
this concept close to (semi-continuous) aDBS. The lack of valid continuous PD monitoring tools 
led to development of multimodal PD monitoring systems. These systems include, for example, 
wearables and mobile applications and distinguish themselves from systems discussed above by 
adding assessments of cognition, speech, subjective disease burden, and active motor tasks. This 
potential was recently underlined by development of a smartphone application to capture 
symptom fluctuation during the day.73 
  
Several recently initiated trials test the feasibility and clinical value of multimodal PD monitoring 
systems in the patient’s home environment. So far, these systems aim to differentiate ON/OFF 
states via wearables and a diary,74 detect the need for changes in or improve adherence of 
pharmacological therapy,75-77 and monitor clinical well-being in a holistic fashion.78, 79 Other 
systems aim to detect relevant neurophysiological biomarkers for home monitoring in order to 
improve postoperative DBS care67 and to assess the effect of DBS parameter adjustments with 
wearables.69 Further, the feasibility of the experience sampling method is demonstrated among 



 

 
 
 
 
 

PD patients.80 This method collects subjective experiences of both motor and non-motor 
symptoms multiple times a day during the flow of daily life. 
 
The abovementioned studies show the feasibility of using multimodal monitoring systems among 
PD patients. We believe there might be a role for such multimodal PD monitoring systems in aDBS, 
because they have the potential to combine subjective assessments of burden and non-motor 
symptoms with objective input signals. Especially during the initial post-operative phase, 
combining these input signals may be of great value for adjusting DBS. The feasibility of such a 
holistic approach should be explored further. 
 
Stimulation parameter modulation in aDBS 
The process of collecting continuous data representing (non-)motor symptoms is the first major 
challenge for developing an aDBS system for PD. A second major challenge is the design of a 
system which automates the complex reasoning and decision making currently achieved by 
clinicians, which will require more advanced and distinctive signal processing than is currently 
available. This challenge contains several issues, such as the frequency of stimulation parameter 
adjustments, the nature of stimulation parameter adjustments, data transfer, data computation, 
and battery consumption.  
 
Most aDBS research has so far focused on potential input signals, and therefore several issues 
regarding the design of stimulation parameter modulation are less well studied. In the following 
sections, we discuss the current progress and remaining challenges regarding stimulation 
parameter modulation in aDBS. 
 
Amplitude modulation approaches 
All reported aDBS systems in PD until now are based on automatic amplitude modulation (AM). 
AM can be applied in different designs. ON/OFF AM is an aDBS paradigm which varies between 
periods during which stimulation is given with a predefined amplitude and a set frequency and 
pulse width, and periods during which stimulation is switched off (figure 4A). ON/OFF AM systems 
studied in akinetic-rigid PD patients applied stimulation as long as the beta-LFP recorded in the 
STN exceeded a certain threshold.6, 28 In contrast, ON/OFF AM systems studied in tremor-
dominant PD patients were designed to start a stimulation-period several seconds before tremor 
re-occurrs based on tremor prediction using machine learning algorithms.46, 48 Since tremor 
should not reoccur during stimulation, there is no feedback signal which identifies the end of the 
stimulation-period. Recent research has shown a stimulation duration of 30 seconds led to a ratio 
of stimulation time versus tremor-free time off-stimulation over 50% in one-third of patients.62 
Future research will need to clarify how ON/OFF AM can be implemented optimally for different 
PD phenotypes and different input signals.  



 

 
 

 
 
 
 

 
When using ON/OFF AM, other details should be 
considered. First, a ramping onset, which 
increases the stimulation voltage from zero 
toward a predefined amplitude can be used to 
overcome paresthesia.6, 32 Further, ON/OFF AM 
can be applied in a phase-dependent manner, in 
which a stimulus is applied with a fixed latency to 
an input signal.25 Phase-dependent aDBS is 
hypothesized to have advantages over standard 
aDBS. Increased clinical benefit is suggested by 
targeting specific pathological 
neurophysiological phases in PD.6, 32, 34 Also, 
phase-dependent aDBS might induce long-
lasting beneficial effects due to possible long-
term potentiation/depotentiation in the STN.81 
Moreover, phase-dependent aDBS reduced 
tremor severity and prevented breakthrough 
tremor while consuming less energy compared 
to cDBS.82 Studies assessing these suggested 
advantages of phase-dependency in aDBS are 
required. 
 
Figure 4: Schematic overview of different amplitude 
modulation paradigms used in adaptive deep brain stimulation in Parkinson’s disease. A: ON/OFF paradigm, which 
stimulates with ramping onset when input signals exceed a certain threshold. B: Gradual paradigm, which increases 
or decreases stimulation amplitude stepwise when input signal exceeds or does not exceed a certain threshold 
respectively. C: Continuous paradigm, which modifies stimulation amplitude according to strength of input signal. 
 
Other AM aDBS paradigms use a gradual or a continuous AM approach. Gradual AM increases or 
decreases the amplitude stepwise when the input signal is respectively higher or lower than 
certain thresholds (figure 4B).5, 42 Minimal and maximal stimulation amplitudes and the voltage 
change per step have yet to be defined. Recently, a gradual AM approach based on tremor power 
introduced two feedback loop computations. One slow-loop gradually adjusted the amplitude-
baseline to prevent re-emergence of diminished tremor, and one fast-loop adjusted the actual 
amplitude rapidly to mitigate occurring tremor.83 This design will need to be reproduced, and the 
added benefit should be assessed. Continuous AM links every possible input signal to a 
corresponding preset output amplitude (fig. 4C). Thus, the output amplitude inclines toward a 
parallel line of the input signal.21, 22  
 
It is clear that stimulation parameter modulation can be applied in several ways in aDBS. At this 
moment, no research has been done to compare different approaches in general, or for specific 
phenotypes or input signals. In the next paragraph, we will elaborate on the clinical demands 
towards stimulation parameter modulation in aDBS per phenotype. 
 
Stimulation parameter modulation demands per phenotype 
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An optimally performing aDBS system should prevent overstimulation during periods with less 
symptoms, and it should increase voltage in a timely manner to minimize the duration and 
severity of symptomatic periods. Therefore, the frequency of input signal evaluation can be an 
important difference in stimulation parameter modulation according to phenotype. This should 
be based on the frequency at which the monitored symptom is expected to fluctuate or reoccur 
after stopping or decreasing stimulation.  
 
In tremor-dominant PD, an aDBS system should ideally stimulate on ‘tremor-control’ level before 
the tremor actually occurs. Since tremor fluctuates rapidly, the AM approach should rapidly 
respond to tremor reoccurrence in order to minimize tremor duration.  
Compared to ON/OFF AM, a gradual or continuous AM approach needs more evaluation before 
stimulation reaches ‘tremor-control’ level. However, ON/OFF AM always stimulates with the 
preset voltage, which might cause overstimulation.  
In developing an optimal AM approach, the development of tremor prediction machine learning 
models is important.48 At the moment, most of these models are very accurate in scaling the 
tremor severity rather than predicting the reoccurrence.84 Future studies should analyze different 
evaluation frequencies, corresponding computational costs, and tremor reduction to compare the 
feasibility of different AM approaches. 
 
In akinetic-rigid PD, motor symptom fluctuations will be less frequent and less acute. Different 
input signal evaluation frequencies in aDBS for akinetic-rigid patients have not yet been 
compared. Whether gradual or continuous, AM is superior to ON/OFF AM in this group. It is 
dependent on improved symptom reduction and prevention of over-stimulation when stimulating 
between zero and maximal amplitude. 
Recent work on the modulatory effect of aDBS on beta-LFP suggests ON/OFF AM to be better 
suited for akinetic-rigid patients than gradual AM.32 They found a correlation between longer 
beta-bursts (>0.6 seconds) and clinical impairment. Consequently, this implies that these longer 
beta bursts should trigger stimulation, and rapid anticipation and frequent evaluation of beta 
power is thus needed. Due to this required rapid anticipation, they prefer ON/OFF AM. 
However, if the input signal follows the rhythm of akinesia and rigidity fluctuations, the input 
signal evaluation frequency could decrease, and a gradual AM approach might also be suitable 
and efficient. Whether this less frequent evaluation is feasible with STN-LFP recordings has not 
been explored. At the moment, wearable sensors might have more potential to accomplish this 
compared to STN-LFP recordings.  
In aDBS for PD patients suffering moderate dyskinesia, these considerations were also 
addressed.42 The authors saw aDBS transitions more frequently than expected based on clinical 
symptomatology. They suggested a slow ramping onset of stimulation voltage adjustments or 
alternative use of the triggering threshold, for example a higher threshold or a two-step threshold, 
in order to prevent too frequent stimulation parameter adjustments. 
 
Future considerations 
Issues for clinical implementation  
As discussed above, the research field on aDBS in PD is rapidly evolving (figure 1). In this section, 
we will highlight additional prospective issues that should be solved to realize a feasible aDBS 
system for chronic therapy.  
 



 

 
 

 
 
 
 

Individual expectations and desires regarding an aDBS system can differ due to inter-individual 
differences in the clinical course and personal coping strategies in PD patients. Individually 
tailored aDBS paradigms should respond to these factors, particularly aDBS systems that enable 
personal nuances in stimulation parameter modulation. However, aDBS in PD first needs a 
feasible standard system and stimulation parameter modulation, or one aDBS system per 
phenotype, before individualized fine-tuning can take place. It is plausible that each individual will 
start aDBS therapy with a calibration period, similar to cDBS therapy. Instead of a trial and error 
period trying different amplitudes, frequencies, or electrode-contacts, the aDBS calibration period 
might try out different frequencies of stimulation parameter modulation, different threshold 
levels, or different voltage-steps per modulation. Ideally, this process is automated by a self-
regulating algorithm. 
 
aDBS during sleep 
Although not discussed yet, a feasible aDBS system should consider the differences in patient 
preference and input signal during sleep. Akinetic-rigid patients might consider stimulation at 
night as important, since they suffer from rigidity at night and in the morning. Tremor-dominant 
patients might need less stimulation at night due to a lower disease burden. 
Regarding input signals, electrophysiological signals are influenced by vigilance state and 
therefore deserve different interpretation during sleep periods than during awake periods.31 Also, 
wearable sensors might be programmed with ‘sleep’ or ‘rest’ detection algorithms which initiates 
a specific ‘sleep-stimulation paradigm’. 
 
Monitoring of non-motor symptoms and side-effects 
In general, current aDBS input signals are focused on motor symptom detection to evaluate the 
therapeutic effect. As discussed before, a first step towards personalized therapy can be to 
develop different aDBS approaches for the different main motor symptoms per phenotype. 
Future designs might expand the specificity per phenotype by considering non-motor symptoms85 
and potentially side effects caused by aDBS, like autonomic functions, dyskinesia, or speech 
deterioration. Including these features will make data analysis even more complicated. This future 
challenge requires complicated nuances which are out of reach for aDBS presently. 
 
aDBS modulation other than amplitude modulation 
Later aDBS systems might explore the use of different stimulation parameter modulations for 
specific clinical situations, e.g. frequency modulation (FM). Possibly, stimulation parameters in 
bilateral aDBS could be evaluated and adjusted per side separately, tailoring aDBS per side. 
 
The application of FM is hypothesized to contribute to tailored DBS paradigms.86 Three recent 
reviews on low-frequency STN-DBS described beneficial effects on freezing-of-gait, speech, and 
swallowing that did not respond to, or were caused by, high frequency DBS. However, beneficial 
effects could not always be reproduced, and low frequency stimulation sometimes led to 
worsening of cardinal PD symptoms.87-89 The effect of variable frequency stimulation, a paradigm 
interleaving high and low frequency DBS,90 will be explored soon.91 
Also, pulse width modulation might provide clinical benefit in certain situations. By exciting thin 
axon bundles belonging to the direct cortico-subthalamic pathway more selectively,92 therapeutic 
windows may increase using shorter pulse-widths, while using less energy.93, 94  



 

 
 
 
 
 

 
Battery power balance 
aDBS may require less battery power for stimulation compared to cDBS. In contrast, more battery 
power may be needed for data processing and transferal, for example, by Bluetooth®. There are 
several options to minimize the additional power needed by the pulse generator and to eventually 
make battery replacement less frequent. First, comparing the computational demands of various 
signal processing and machine learning approaches should minimize the required power.16 
Second, the possibility to perform analyses on external devices or cloud-platform solutions should 
be evaluated. The energy saved by outsourcing these computations should be compared with the 
energy required of wireless data transfer. Third, rechargeable pulse generators should be further 
developed regarding clinical applicability.95 
 
Socio-economical relevance 
We suggest that implementation of aDBS systems in PD care will result in beneficial socio-
economic effects. Most importantly, if aDBS results in an improved ratio between beneficial and 
side effects, quality of life will improve and patients will function better in society. Also, the 
economic burden will decrease, since PD patients can be part of the working population for a 
longer period and need less care.  
 
Conclusion 
Although impressive progress in aDBS for PD has been made over the last decade, major 
challenges to chronic application are still pending. We believe research into clinical associations 
of input signals should concentrate on different PD phenotypes. Since the correlation of different 
input signals with PD symptomatology varies (fig. 3), we believe no single currently available input 
signal will cover the heterogeneity of all phenotypes in PD patients. To achieve this ambition, 
thoughtful combining and selection of input signals is inevitable. The increasing trend of 
combining knowledge between neurologists, neurosurgeons, engineers, and computer scientists 
is crucial in this field and opens the gate to translational medicine 2.0: “from byte to bedside”. 
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Abstract 
 
Parkinson’s disease symptoms are most often charted using the MDS-UPDRS. Limitations of this 
approach include the subjective character of the assessments and a discrepant performance in 
the clinic compared to the home situation. Continuous monitoring using wearable devices is 
believed to eventually replace this golden standard, but measurements often lack a parallel 
ground truth or are only tested in lab settings. To overcome these limitations, this study 
explores the feasibility of a newly developed Parkinson’s disease monitoring system, which aims 
to measure Parkinson’s disease symptoms during daily life by combining wearable sensors with 
an experience sampling method application. Twenty patients with idiopathic Parkinson’s disease 
participated in this study. During a period of two consecutive weeks, participants had to wear 
three wearable sensors and had to complete questionnaires at seven semi-random moments 
per day on their mobile phone. Wearable sensors collected objective movement data, and the 
questionnaires containing questions about amongst others Parkinson’s disease symptoms 
served as parallel ground truth. Results showed that participants wore the wearable sensors 
during 94% of the instructed timeframe and even beyond. Furthermore, questionnaire 
completion rates were high (79,1%) and participants evaluated the monitoring system 
positively. A preliminary analysis showed that sensor data could reliably predict subjectively 
reported OFF moments. These results show that our Parkinson’s disease monitoring system is a 
feasible method to use in a diverse Parkinson’s disease population for at least a period of two 
weeks. For longer use, the monitoring system may be too intense and wearing comfort needs to 
be optimized. 
  



 

 
 

 
 
 
 

Introduction 
Parkinson’s disease (PD) is a neurodegenerative disorder characterized by motor symptoms like 
tremor, rigidity and bradykinesia, which can fluctuate during the day. Nowadays, symptoms and 
disease course are charted by a clinician and are measured most often using the MDS-UPDRS for 
research purposes 1. This is however associated with limitations: (1) symptoms and disease course 
are assessed with low frequency and therefore only permit a snapshot of the clinical situation and 
may include recall bias; (2) scores given by the clinician have a subjective character; (3) patients 
might put themselves in a better light during in-clinical assessments compared to when they are 
at home. In order to get more frequent and more objective ratings of symptoms and disease 
course, continuous monitoring systems are essential. Such systems are believed to represent the 
clinical symptoms in the daily life of patients more reliably and could eventually even be used as 
input signal for adaptive, responsive, or closed-loop deep brain stimulation (DBS) 2.   
 
Wearable sensors are increasingly used to detect PD symptoms due to technological innovations, 
resulting in small, low cost, power efficient, and accurate sensors 3–5. Wearable sensors have 
shown promise in detecting tremor 6–8, freezing of gait 9, bradykinesia 10, and dyskinesia 10,11. 
Recently, various monitoring systems have been developed and tested and have shown promising 
results 12–14. These studies made use of predefined motor tasks in a lab or simulated home setting, 
which only gives a limited representation of the daily life environment. Furthermore, these regular 
clinical assessments cannot be performed continuously in a daily life environment. 
 

 
Figure 1: Recording modalities. A: Wearable sensor attached to the wrist via a wristband. B: Screenshot of 
the question ‘Ik ervaar tremor’ (‘I experience tremor’) on a 7 point Likert scale, with a score of 1 indicating not 
at all and a score of 7 indicating very much. 
 
The newly developed PD monitoring system presented in this paper combines wearable sensors 
measuring acceleration and rotational acceleration with an experience sampling method (ESM) 
application (Fig. 1). ESM is a validated, digital diary method consisting of multiple repeated 
measurements at semi-random moments in daily life 15,16. It is superior compared to standard 
diary and cross-sectional assessments, because there is no recall bias and data are collected on 
multiple moments a day 17. The designed ESM questionnaires include questions regarding mood 
states, contextual information and both motor and non-motor PD symptoms. ESM data may serve 
as a parallel ground truth to the wearable sensor data, making the impossible regular clinical 
assessments in daily life measurements redundant. The unique system combines objective data 
(wearable sensors) with subjective data (ESM) in the daily life of the patients. 
 



 

 
 
 
 
 

Although the combination of wearable sensors with ESM or other electronic diary methods was 
often suggested in PD 18,19, and although this combination was used in other populations before 
20–25, it has never been tested in PD so far. Consequently, this project aims to prove the feasibility 
of the new monitoring system in PD patients during daily life for two consecutive weeks. In 
addition, we investigated whether the ESM answers can be employed as a ground truth for the 
sensor data by performing an OFF moment prediction analysis. Eventually, we would like to 
further assess whether this system could also be used for closed-loop DBS programming. 

 
Figure 2: Schematic overview of 
one test day. Wearable sensors 
were worn from waking up until 
going to bed. Questionnaires were 
available (morning and evening) or 
showed up (continuous) between 
the indicated timeframes. 
 

Results 
Wearable sensors 
On average, the group participants wore the wearable sensors 898 min a day, equalling almost 15 
h. The mean time that the wearable sensors were used by the participants was 788 min (94%) 
within the instructed timeframe of 8.00–22.00 h (Fig. 2). Consequently, the mean non-worn time 
within the instructed timeframe was 52 min (6%). The mean time that the wearable sensors were 
used by the participants outside the instructed timeframe was 110 min. 
 
Answers from the evaluation questionnaire showed that most participants found that the wrist 
(60%) and the chest (80%) sensors were comfortable to wear. However, some participants 
mentioned that the used accessories remained attached to clothes, or that they caused irritation. 
Two participants (10%) reported that the wrist sensors impaired their arm movement. According 
to all participants, the wrist sensors did not impair hand movement nor did the three sensors 
impair movements in general. None of the participants found the sensors were heavy to wear, 
had problems with putting the sensors on and off, or had problems with charging the sensors. 
Almost all participants (95%) wore the sensors in public. Some participants mentioned that they 
thought it was awkward to get questions about the sensors, and therefore they were glad that it 
was possible to wear the sensors beneath their clothes. Only 30 and 50% of the participants was 
willing to wear the wrist and chest sensors on a long-term basis. 
  
Experience sampling method 
ESM is a validated, digital diary method consisting of multiple repeated measurements at semi-
random moments. Participants received a total of 98 continuous questionnaires, 14 morning 
questionnaires, and 14 evening questionnaires (Fig. 2). Only fully completed questionnaires were 
considered as completed. On average, 77.5 continuous questionnaires, 13.6 morning 
questionnaires, and 13.2 evening questionnaires were completed. This resulted in completion 
rates of 79.1% for the continuous questionnaires, 96.8% for the morning questionnaires and 
93.9% for the evening questionnaires. For each completed continuous questionnaire, it was 
checked whether there was sensor data available from the two wrist sensors and the chest sensor 
for at least 15 min before the questionnaire was opened by the participant. We hypothesize that 
this timeframe will best reflect the patients clinical state belonging to the corresponding ESM 



 

 
 

 
 
 
 

answer, and therefore this timeframe will be used for further analyses. In total, a mean of 69.0 
(89.0%) continuous questionnaires were completed which had corresponding data from all three 
sensors (Fig. 3). For the majority of participants, only a few continuous questionnaires did not 
have corresponding sensor data from all three sensors for at least 15 min preceding the 
questionnaire (Fig. 3). Three participants (7, 10, 14 in Fig. 3) missed sensor data for more than 
25% of the completed questionnaires. This was because sensors stopped recording due to full 
data storage as a result of hidden folders containing the removed data of previous participants. 
Four other participants had some aborted recordings for still unknown reasons. 

 
Figure 3: Completion rates. 
Percentages of total completed 
continuous questionnaires per 
participant (white bars) and 
completed continuous questionnaires 
with corresponding sensor data (grey 
bars). 
 
Answers from the evaluation 
questionnaire showed that all 
participants found the ESM 
application easy to use and 

answered the questions independently. The majority of the participants found the ESM questions 
clear (85%). Some participants mentioned that the line of questioning was inconsistent. For 
example, a score of 1 was sometimes the most positive option and sometimes the most negative 
option. Three participants (15%) found it unpleasant to carry their phone with them all day, for 
example because they could not due to work. Further, 17 participants (85%) did not mind that the 
continuous questionnaires showed up at random moments during the day, which was supported 
by the average score of only 1.7 on the question ‘I found this beep disturbing’. This item was 
scored on a 7 point Likert scale, where 1 corresponded with ‘not disturbing at all’ and 7 
corresponded with ‘very disturbing’. Three participants (15%) thought they missed a lot of 
questionnaires and ten participants (50%) said they would use the ESM application for a longer 
period than two consecutive weeks.  
 
The monitoring system in general 
All participants reported that the information about the research was clear, and 95% found the 
aim of the research clear as well. Three participants (15%) considered the study to be 
incriminating, and two participants (10%) adapted their daily life because of the study. For 
example, one participant made shorter cycling trips, since this participant was afraid to miss 
questionnaires. 
 
Combining ESM and wearable sensor data 
Our pilot investigation on one patient with severe ON/OFF fluctuations yielded a reliable 
detection of subjectively registered OFF moments based on sensor data using a logistic regression 
classifier (area under the curve = 0.73). Figure 4 shows true positive and false positive rates for 
different thresholds (Receiver- Operator-Characteristic). These initial results highlight the 
feasibility of using wearable sensors to detect symptom severity. 



 

 
 
 
 
 

 
Figure 4: Receiver-Operator-Characteristic curve of detection of 
OFF moments from sensor data. Aurea under de curve = 0.73. 
 
Discussion 
This study showed that combining wearable sensors with 
ESM is a feasible method for monitoring PD patients in 
daily life. Results showed that participants wore the 
wearable sensors almost during the whole instructed 
timeframe and even beyond, showing that the wearable 
sensors were not obstructive. Furthermore, ESM 
completion rates were high and participants evaluated the 
monitoring system positively. The presented participant 
characteristics (Table 1) suggest that this monitoring system is feasible for a diverse population of 
PD patients. For example, age was ranging between 46 and 74 years, disease duration was ranging 
between 1 and 21 years, and no restrictions were made based on PD phenotype and treatment. 
There was a relatively high proportion of patients with DBS implants. This selection was most 
probably due to the population of the academic hospital. We cannot rule out the possibility that 
PD patients with DBS are more willingly to use technological devices such as this monitoring 
system. 
 
ESM completion rates were high, with an average of 79%. All participants met the requirement 
defined in previous work, which demands that at least one third of the continuous questionnaires 
should be completed to have valid ESM data 26. The high completion rate may be due to the 
extensive briefing during the start session and due to the phone contact moments with the 
participants on day 2 and 8. Compared to previous work using the same ESM application for 5 
days in 5 PD patients, our completion rates were 5% lower 27. One might argue that the longer 
use of the ESM application in this study might explain lower completion rates. This argument is 
supported by a previous N = 1 study, in which the completion rate was 47% in week 1 and dropped 
to 29% in week 2 18. We did however not see any differences between average completion rates 
per day (Supplementary Fig. 1). Also, there were no differences in completion rates between 
timeframes (Supplementary Fig. 2). The high completion rates in general are illustrated by the fact 
that all patients found the application easy to use, and that even half of the patients is willing to 
use the ESM application for a longer period. 
 
Two participants reported they adapted their daily life during the study period. This was because 
participants were for example afraid to miss questionnaires. We believe that by using ESM, 
participants might indeed be more ‘on guard’ and they are required to carry their mobile phone 
all day. For non-digital questionnaires, there is to our knowledge no study describing whether 
participants adapted their daily life during the study period. We hypothesize that this will also be 
the case, since nondigital questionnaires mostly have to be completed at set times. Regarding 
completion rates it is hard to compare ESM with nondigital diary methods since non-digital diaries 
can be completed at different moments than instructed. 
 
 
 



 

 
 

 
 
 
 

 
Male/female, n 16/4 

Age, years 63.3 (7.4) 

Montreal Cognitive Assessment score 27.6 (1.5) 

Disease duration, years 8.1 (5.8) 

Levodopa equivalent daily dose 770.4 (393.9)  

Tremor/akinetic rigid, n  9/11 

ON/OFF fluctuations yes/no, n 12/8 

Deep brain stimulation yes/no, n 6/14 

Deep brain stimulation duration, years 3.3 (1.5) 
Table 1: Participant characteristics. Data are presented as means and (standard deviations). 
 
The evaluation questionnaire outcomes showed that there is room for improvement regarding 
the used materials of the wearable sensor accessories. The accessories used in this study were 
developed with the aim that they should be easy to handle for PD patients. This was the case, 
since none of the participants had trouble with putting the sensors on or off. However, the use of 
Velcro resulted in the disadvantage that the sensors sometimes remained attached to clothes. 
Another disadvantage was that the sensors and accessories were not attractive enough to wear. 
Improvement of the accessories will likely result in a higher amount of patients who find the 
wearable sensors comfortable to wear and who would wear the wearable sensors on a chronic 
basis. 
 
The next steps of this study are to validate ESM data, improve PD symptom algorithms for 
wearable data, correlate wearable data with ESM data, and eventually predict ESM scores based 
on wearable data. Since the combination of wearable data with ESM data is new in itself, we 
propose the  following data processing steps: for each completed continuous ESM questionnaire, 
15 minutes of sensor data prior to this completed questionnaire will be extracted. We hypothesize 
that this timeframe will best reflect the patients clinical state belonging to the corresponding ESM 
answer. It should however be tested which timeframe best fits with the questionnaire timestamp. 
This might be much shorter or longer than the proposed 15 min, or might even be after 
completion of the questionnaire. Also, it might be necessary to start with an active/inactive 
classification. On average it took the participants 3 min and 39 s to complete the continuous 
questionnaire. The start and end time of the completed questionnaires are recorded, so to ensure 
that the time the questionnaire was completed will not be included in the analysis. The selected 
timeframe will then be divided into windows of length w from which different features in the time 
and spectral domain will be extracted. Similar to different timeframe lengths, different window 
lengths for feature extraction will need to be compared as well. The extracted features can then 
be used for correlation of wearable data with ESM data and eventually for prediction of ESM data. 
See Fig. 5 for an overview of the proposed data processing pipeline.  



 

 
 
 
 
 

 
Figure 5: Proposed data processing steps. Fifteen minutes of sensor data prior to a completed questionnaire 
will be extracted. This timeframe will then be divided into windows of length w from which different features 
in the time and spectral domain will be extracted. 
 
One limitation of the used monitoring system is that due to minimizing the number of sensors not 
all PD symptoms can be measured. For example, tremor in the lower limbs will likely not be 
measured with this system. Future studies might consider the use of smart insoles as non-
obstructive sensor to measure tremor and other symptoms related to the lower limbs. 
 
This study combined wearable sensors and ESM in PD patients. We demonstrated that our newly 
developed PD monitoring system is feasible and that it can be used for the continuous 
measurement of PD symptoms during daily life for both monitoring and treatment purposes. 
Further, it breaks new ground since the system collects objective wearable sensor data as well as 
subjective ESM data which might be used as a parallel ground truth. Therefore, this monitoring 
system does not require additional clinical assessments. If correlating wearable and ESM data, 
and eventually predicting ESM scores based on wearable data succeeds, the monitoring system 
can be used to monitor the patient during daily life in periods of medication changes, or periods 
preceding an outpatient clinic visit. 
 
  



 

 
 

 
 
 
 

Methods 
Participants 
This study was approved by the medical ethical committee azM/UM and written informed consent was 
obtained from all participants. Twenty idiopathic PD patients participated in this study.  Recruitment was done 
through their neurologist or neurosurgeon at the Maastricht University Medical Centre. Disease severity had 
to be rated as mild to severe (Hoehn and Yahr 1-4). Patients were included if they had an age between 18 and 
80 years, if they were in possession of a smartphone (minimal iOS 8 or Android 4), if they could fluently speak 
and read Dutch, if they were available for two consecutive 
weeks of representative daily activities (meaning no holidays 
or planned hospital admission). After written informed 
consent, participants were tested for cognitive deficits and 
were excluded if they scored less than 24 points on the 
Montreal Cognitive Assessment. Participant characteristics 
are shown in Table 1. Hoehn and Yahr scores are shown in Fig. 
6. 
 
Figure 6: Disease severity of the participants indicated by 
Hoehn & Yahr scores. 
 
Wearable sensors 
We chose to use a new wearable, the MOX5, which was developed by the Instrument Development 
Engineering & Evaluation department of the Maastricht University. This sensor received CE mark approval and 
is available for third parties via Maastricht Instruments (Maastricht, The Netherlands). We decided to develop 
a wearable instead of re-using existing ones because this study acquires access to the raw accelerometer and 
gyroscope data, and because the on-device data storage removed the need for battery-draining data 
transfers. Further, this sensor has the possibility to implement symptom algorithms and online data streaming 
in the future. 
 
The developed sensor contained a 6 DOF sensor, consisting of an accelerometer and gyroscope. The 
accelerometer covered an amplitude range of ±8 g and the gyroscope covered a range of ±2000 degrees/s. 
Data were collected with a sampling rate of 200 Hz. During the measurement period, each participant had to 
wear three wearable sensors; one at each wrist and one at the chest. The wearable sensors were attached to 
the body via handmade accessories (Fig. 1a). The participants had to wear the wearable sensors during 
daytime (preferably between 08.00 and 22.00), and had to charge them at night. Wearable sensors were 
aligned to the ESM questionnaires using time stamps. The participants did not have to interact with the 
wearable, since the measurement started as soon as the charger was removed and data was later extracted 
by the research team. 
 
Experience sampling method 
An ESM app, the Psymate, was downloaded and installed on the smartphone of the participants. We 
developed a specific ESM questionnaire, based on literature discussing relevant symptoms and items for 
monitoring PD at home 28,29 and based on patient and clinician interviews about relevant symptoms and items 
for PD monitoring at home. During the measurement period, participants were asked to complete a morning 
(five questions) and evening questionnaire (eight questions) which were identical on all days and which were 
available in the morning and evening (Supplementary Fig. 3). The morning and evening questionnaire were 
only available during specific timeframes and the participants were asked to complete the questionnaires 
when they woke up and when they were going to bed. In addition, they received a continuous questionnaire 
(26 questions) at seven semi randomized moments during the day (Supplementary Fig. 3). During each 2-hour 
block between 8.00 and 22.00 h, one continuous questionnaire was sent. See Fig. 2 for an overview of one 
test day. The continuous questionnaires had to be opened within 15minutes after the notification alarm and 
the participants were asked to complete as much questionnaires as possible without adapting their normal 



 

 
 
 
 
 

daily behaviour. Participants had to rate statement questions on a Likert scale ([1–7], Fig. 1b). Some questions 
were multiple-choice (Supplementary Fig. 3). 
 
Combining ESM and wearable sensor data 
To investigate whether the ESM answers can be employed as a ground truth for the sensor data, we developed 
a prediction framework. In this framework, we used features calculated from the sensor data to predict OFF 
moments experienced by the patient. Based on previous literature 30–32, the following features were extracted: 
 
1. Logarithmic Signal Energy between 3.5 and 7.5 Hz 
2. Root Mean Square of the low-pass filtered (3 Hz) time series 
3. Dominant Frequency and dominant energy ratio 
4. Amplitude Range of the Raw Time series 
5. Maximum Normalized Cross-correlation and corresponding temporal offset between all accelerometer and 
gyroscope channels. 
 
We evaluated our prediction framework in a 10-fold cross-validation and employed a simple logistic regression 
classifier to output probabilities for OFF moments. For this pilot study, we only evaluated one patient 
reporting frequent ON/OFF transitions. 
 
Outcomes 
The feasibility of our PD monitoring system will be expressed in several outcomes. Participants completed an 
evaluation questionnaire including questions about the use of the wearable sensors and the ESM application 
and about the study in general. Results of this questionnaire are outcomes for the wearable sensors, ESM and 
the monitoring system in general. 
 
For the wearable sensors, the outcomes are also the minutes of collected data. This will be divided into three 
categories: (1) Worn time within instructed timeframe; (2) Non-worn time within instructed timeframe; (3) 
Worn time outside the instructed timeframe. Since the wearable sensors recorded from the moment the 
charger was removed until the moment the charger was plugged in again, there will be time measured in 
which the participant did not wear the wearable. In addition, patients may have taken off the wearable 
sensors during daytime when they were for example taking a shower. In order to only select the data in which 
the wearable sensors were actually worn, the standard deviation of the acceleration data was calculated per 
minute block. This was calculated for data in the x direction, which was parallel to the lower arm for the wrist 
sensors and which was parallel to the whole body for the chest sensor. A threshold value was empirically 
determined based on the standard deviation of non-worn wearable recordings. As a result, when the standard 
deviation per minute block was <0.002 g, and when the standard deviation of the preceding and following 
minute were <0.002 g as well, the minute was not included in the minutes of collected data. Minutes of 
collected data were averaged over the three sensors, over days, and over participants. 
 
For the ESM, the outcomes are the percentages of completed questionnaires and the percentages of 
completed questionnaires for which sensor data from all three sensors was available as well. To evaluate the 
burden of each continuous questionnaire, we included a question on ‘how disturbing’ the corresponding 
questionnaire was. For the combination of ESM and sensor data, we evaluated the results of the cross-
validation using the area under the curve of the Receiver-Operator-Characteristic. 
 
  



 

 
 

 
 
 
 

Supplementary Material  

 
Figure S1 (upper left). Percentage of completed questionnaires over days. Light grey area is showing the 
standard deviation. A repeated measures ANOVA 
determined that completion rates did not differ significantly 
between days (F(13,247) = 0.97,p = 0.49). 
 
Figure S2 (upper right). Percentage of completed 
questionnaires over timeframes. Light grey area is showing 
the standard deviation. A repeated measures ANOVA 
determined that completion rates did not differ significantly 
between timeframes (F(6,114) = 1.20,p = 0.31). 
 
Figure S3 (right). Experience Sampling Method 
questionnaires.  
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Abstract 
 
Introduction: Parkinson’s disease (PD) monitoring is making a transition from periodic clinical 
assessments to continuous daily life monitoring in ‘free-living’ conditions. Traditional PD monitor 
methods lack intraday fluctuation detection. Electronical diaries (eDiaries) hold potential to 
collect subjective experiences on the severity and burden of (non-)motor symptoms in free-living 
conditions.  
Objective: We aim to develop a PD specific eDiary based on ecological momentary assessments 
(EMA) and explore its validation.  
Methods: An observational cohort of twenty PD patients used the smartphone-based EMA eDiary 
for fourteen consecutive days without adjusting free-living routines. It presented an identical 
questionnaire consisting questions regarding affect, context, motor and non-motor symptoms 
and motor performance seven times daily at semi-randomized moments. Additionally, patients 
were asked to complete a morning and an evening questionnaire. 
Results: Mean affect correlated respectively moderate to strong and moderate with motor 
performance (R = 0.38 – 0.75, p<0.001) and motor symptom (R = 0.34 – 0.50, p<0.001) items. 
Motor performance showed a weak to moderate negative correlation with motor symptoms (R = 
-0.31 - -0.48, p<0.001). Group mean answers given in on- versus wearing off-medication 
conditions differed significantly (p < 0.05), however not enough questionnaires were completed 
in wearing off condition to reproduce these findings on individual levels.  
Conclusions: We present a PD specific EMA-eDiary. Correlations between given answers support 
the internal validity of the eDiary and underline EMA’s potential in free-living PD monitoring. 
Careful patient selection and EMA design adjustment to this targeted population and their 
fluctuations are necessary to generate robust proof of EMA validation in future work. Combining 
clinical PD knowledge with practical EMA experience is inevitable to design and perform studies 
which will lead to successful integration of eDiaries in free-living PD monitoring.   
 
  



 

 
 

 
 
 
 

Introduction 
Parkinson disease (Parkinson Disease) is a neurodegenerative disorder that is characterized by 
bradykinesia, rigidity, and tremor. Many patients develop fluctuations in cardinal motor 
symptoms, such as bradykinesia, tremor, and postural instability, and levodopa-induced 
dyskinesia 1,2. Nonmotor symptoms may also show fluctuations during the day 3,4. Current gold 
standards in symptom monitoring, such as the Movement Disorders Society (MDS)—Unified 
Parkinson’s Disease Rating Scale and the Parkinson’s Disease Quality of Life-39, are suboptimal to 
detect such fluctuations over short periods, as they cover a longer temporal domain and require 
active observed tasks 5,6. Monitoring methods that can also detect motor and nonmotor 
fluctuations over shorter periods in free-living conditions can contribute to applying personalized 
medicine in Parkinson Disease 7,8. Examples of such new methods are telemonitoring 9 and mobile 
health (mHealth) apps, often including wearable sensor 10-12. Patients with neurological conditions 
are believed to be able to use mobile apps 13; however, the quality, validation, and usability of the 
available apps are often low 14. Nonetheless, there have been promising results of using mHealth 
monitoring systems for Parkinson Disease motor and nonmotor symptoms during free-living 
situations 15-17. 
Electronic diaries (eDiaries) hold the potential to contribute to these new monitoring methods by 
collecting valuable information on motor symptoms 18,19 and non-motor symptoms in free-living 
conditions 16.  
Recently published recommendations on Parkinson Disease electronic diary (eDiary) 
development by a specific MDS Task Force and Committee underline the relevance and potential 
of this approach 20,21. Ecological momentary assessment (EMA), also referred to as an experience 
sampling method, is a method that collects subjective experiences at multiple, semirandomized 
moments during a day. Commonly used in psychiatric and psychological populations, it holds the 
potential for somatic diseases as well 22. The scarce literature describing EMA in Parkinson Disease 
reports feasibility in small cohorts of up to 5 patients. Reproduction and further investigation of 
the usefulness and value of EMA in Parkinson Disease are needed 4,16,23.  
We developed the first specific Parkinson Disease eDiary using EMA and set the first steps to 
validate the EMA method in a broad Parkinson Disease cohort.  
 
Methods 
 
Study Population 
We included 20 patients who were diagnosed with Parkinson Disease following the UK Parkinson’s 
Disease Society Brain Bank Diagnostic Criteria, who were aged between 18 and 80 years, who 
possessed a smartphone (at least Android 4 or iPhone operating system 8), and who had adequate 
proficiency in the Dutch language. A Montreal Cognitive Assessment scale score lower than 24 
was the only exclusion criterion 24. Demographic and general disease characteristics were 
collected, such as sex and age, Parkinson Disease duration, levodopa equivalent daily dosage 



 

 
 
 
 
 

(LEDD), number of daily dopaminergic medication intake moments, presence of intraday motor 
fluctuations, and recent Hoehn and Yahr scores. 
 
Ecological Momentary Assessment Study Design 
Participants enrolled between August 2018 and March 2019 and participated for 14 consecutive 
days. EMA questionnaires (referred to as beeps) were presented at seven semirandomized 
moments a day, one beep within every block of 2 hours between 8 AM and 10 PM. The 
questionnaire had to be opened within 15 min after notification to prevent procrastination. A 
separate morning questionnaire was available between 4 AM and 1 PM, and an evening 
questionnaire was available between 8 PM and 4 AM. Answers on statement questions were given 
on a 7-point Likert scale. The EMA method was executed via the smartphone app, PsyMate 25. 
EMA was combined with the use of three wearable sensors containing accelerometers and 
gyroscopes. Technical details of the protocol design and feasibility analyses are reported earlier 
26. The study protocol was conducted following the Helsinki guidelines and was approved by the 
local medical ethical committee of Maastricht UMC+. 
 
Data Preparation 
Patients with a completion rate lower than 33% were excluded from analyses 27. Beeps containing 
missing values because of unfinished questionnaires or digital data transmission failure were 
excluded.  
To analyze positive and negative affect, we calculated the mean of the items feeling well, feeling 
cheerful, and feeling relaxed and the mean of the items feeling down, feeling fearful, and feeling 
stressed, respectively. To analyze general motor function, we calculated the mean of the items 
ability to perform current activity, ability to walk well, ability to talk well, and to experience steady 
mobility. When we refer to the items mean positive affect, mean negative affect, or general motor 
function in the paper, we are referring to these calculated mean scores. General motor function 
in the evening questionnaire was calculated as the mean of the evening questionnaire items 
ability to dress, ability to eat, ability to do household activities, ability to do personal care, and 
ability to walk. The evening questionnaire items experienced many off periods and experienced 
long off periods were averaged in an item representing off-moment severity during the day.  
To represent the change in an item since the last beep, we calculated differences over time scores. 
The answer to the previous beep (t−1) was subtracted from the answer of the current beep (t). 
Two beeps are, on average, 2 hours separated from each other. We did not calculate the 
difference in scores between the first completed beep a day and the last beep of the previous 
day. 
 
Statistical Analysis   
We analyzed means, standard deviations, and distributions per item. A skewed distribution of 
answers of an item to the minimum (1) or the maximum (7) is called a floor or a ceiling effect, 
respectively. If present, we evaluated whether this floor or ceiling effect could be expected and 



 

 
 

 
 
 
 

could be accepted or might be based on an invalid, nonspecific, or nonsensitive question and 
deserved further evaluation.  
To validate whether items measure what they are intended to measure, the correlation between 
an item and a gold standard that measures the same concept can be assessed. If this expected 
correlation is present, this means the construct validity of that item is proven 20,28. As there are 
no validated assessment scales that assess Parkinson Disease symptoms as frequent as our EMA 
beeps, there is a lack of a gold standard measure. Therefore, we assessed the construct validity 
by analyzing correlations between items from the same beep that are expected to correlate based 
on clinical knowledge. To further analyze construct validity, we analyzed correlations between the 
mean answer over all beeps during 1 day and the answer from the corresponding evening 
questionnaire. For the latter, we excluded days without the completed evening questionnaire. As 
the theoretically expected correlation of sleep with other symptoms is ambiguous, we excluded 
the morning questionnaires from validation analyses. 
We compared beep answers given in different medication conditions to explore differences in 
symptom severity. We merged the two transition conditions, from on-medication to off-
medication and vice versa, to differentiate three conditions: on-medication condition, off-
medication condition, and the transition between on- and off-medication condition. 
By calculating correlations between scores of items that are expected to correlate, we analyzed 
the sensitivity of our EMA questionnaire to measure changes over time. We explored the 
differences between beep answers given in different medication conditions, on-medication 
condition, off-medication condition, and transitions between the two. The beeps identified as off-
medication condition represent the wearing-off medication condition because the patients were 
never fully depleted of dopaminergic medication. In the rest of the paper, we will use the term 
on-beeps and off-beeps to refer to these medication conditions during a completed beep 
questionnaire. We performed these comparisons on group and individual levels. The significance 
of differences between the different medication conditions was calculated using Mann-Whitney 
U tests. Correlations were calculated using Spearman correlation tests. P values were corrected 
with a Bonferroni correction. All the data preparation and statistical analyses were performed in 
Python Jupyter Notebook 3 using packages pandas (version 0.24.2), Numpy (version 1.16.4), 
datetime (version 1.0.0), and Scipy (version 1.3.0). 
 
Results  
 
Study Population 
We included 4 female and 16 male patients with idiopathic Parkinson Disease with a mean age of 
63 years (SD 7), a mean disease duration of 8 years (SD 6), and a mean LEDD of 770 mg (SD 394); 
6 participants were treated with deep brain stimulation for a mean period of 3.3 years (SD 1.5; 
Table 1). The mean completion rate was 78% out of 98 continuous beeps (SD 12). No participants 
were excluded based on a too low completion rate (ie, completion rate <33%) 27.  



 

 
 
 
 
 

Gender ratio (female:male) 4:16 
Age (years), mean (SD) 63 (7) 
Disease duration (years), mean (SD) 8 (6) 
Levodopa equivalent daily dosage (mg), mean (SD) 770 (394) 
DBSa 
Patients with DBS treatment, n 6 
Duration of DBS treatment (years), mean (SD) 3.3 (1.5) 
H&Yb, n (%) 
 1 2 (10) 

1.5 2 (10) 
2 7 (35) 
2.5 3 (10) 
3 3 (15) 
4 1 (5) 

Montreal Cognitive Assessment, mean (SD) 27.6 (1.5) 
Table 1: demographics of study population. All durations are in years. DBS: deep brain stimulation, H&Y: 
Hoeh and Yahr scale, mg: milligrams, MoCA: Montreal Cognitive Assessment, sd: standard deviation. 
 
Parkinson specific EMA Questionnaire Development 
Affect and context items from widely applied EMA questionnaires in psychiatry were added 29. 
Parkinson Disease-specific items are based on a literature search and structured interviews with 
clinicians, patients, and caregivers. A detailed description of this literature search and the 
structured interviews can be found in the Supplementary Material.  
Repeated discussions with the EMA expert group in our institution (among them CS) gave us the 
following insights into designing a valid EMA questionnaire for patients with Parkinson Disease: 
(1) do not only assess motor symptoms by direct questions about the specific motor symptom, 
(2) include assessment of the burden or the influence of the symptoms on the patient’s 
performance/well-being, and (3) include items on context (where/with whom/what) and affect 
and to have the possibility to correct for varying settings or mood fluctuations. On the basis of the 
advice of the EMA expert group, we consistently phrased the questions as statements in the “I” 
perspective and tried to avoid confirming (“I do feel...”) and denying (“I do not feel...”) statements 
next to each other 27,30. Furthermore, when translating clinical terms or items from retrospective 
questionnaires into EMA items, we aimed to maximize face validity by using everyday language. 
The final EMA questionnaire is shown in Figure 1. 
 
 
 
 
 
 
 
 



 

 
 

 
 
 
 

Beep questionnaire (semi-random repeated moments) Morning questionnaire 
I feel well I slept well 
I feel down I woke up often last night 
I feel fearful I feel rested 
I feel stressed It was physically difficult to get up 
I feel sleepy It was mentally difficult to get up 
I am tired  
I am cheerful  
I am relaxed  
I can concentrate well  
I experience hallucinations Evening questionnaire 
I am at [home, work, travelling, at family/friend’s place, in public] I had long OFF periods today 
I am with [nobody, family, partner, colleagues, friends] I had many OFF periods today 
I am doing [work, resting, household/odd jobs, sports, something 
else] 

Walking went well today 

I can do this without hinder (un)dressing went well today 
I am comfortable walking/standing Eating/ drinking went well today 
I can sit or stand still easily Personal care went well today 
I can speak easily Household activities went well 

today 
I can walk easily I was tired today 
I experience tremor  
I am moving slow  
I experience stiffness  
My muscles are tensioned  
I am uncontrollable moving  
I feel in medication state … [1: OFF, 2: ON -> OFF, 3: ON, 4: OFF -> 
ON] 

 

I took Parkinson medication since last beep [yes, no, I don’t recall]  
 
Figure 1: PD EMA questionnaire content, English translation from original Dutch version. The beep 
questionnaire which is presented seven times during the day represents the four motor domains, as well as 
affect, cognition, context and motor performance. The evening questionnaire covers off moments and motor 
performance over the day and the morning questionnaire covers sleep.  
 
Parkinson Disease Ecological Momentary Assessment Questionnaire Validity 
Figure 2 shows means and distributions of all participants per item from the beep questionnaire 
and the evening questionnaire. Positive affect shows a small ceiling effect, whereas negative 
affect shows a floor effect. Experiencing hallucinations shows a strong floor effect, with only one 
participant experiencing hallucinations. Positive formulated items on motor functioning show a 
small floor effect. Experiencing tremor and dyskinesia shows stronger floor effects than 
experiencing slowness and stiffness.  
Construct validity was assessed by evaluating the presence of expected correlations between 
items (Figure 3). Mean positive and negative affect showed a strong negative correlation with 
each other (R=−0.71; P<.001; Figure 3). Both positive and negative affect scores showed 
moderate-to-strong correlations with general motor functioning (R=0.75 and R=−0.53, 
respectively; P<.001). Mean positive and negative affect scores showed weak-to-moderate 



 

 
 
 
 
 

correlations with different motor symptoms (R=−0.37 to −0.49 and R=0.32 to 0.50, respectively; 
P<.001). General motor functioning showed moderate-to-weak correlations with the motor 
symptoms tremor, slowness, stiffness, and dyskinesia (R=−0.34, −0.47, −0.44, and −0.51, 
respectively; P<.001).  
Beep answers on mean affect scores and general motor functioning from 1 day showed moderate 
correlations with both the items assessing the amount of experienced off-beeps and the general 
motor performance from the corresponding evening questionnaires in expected directions 
(R=−0.43 to 0.69; P<.001). Beep answers during the day on slowness, stiffness, tremor, and 
dyskinesia showed weak-to-moderate correlations with general motor functioning answers from 
the evening questionnaire (R=−0.24 to 0.44; P<.001). These items assessing motor symptoms in 
the beep questionnaires, also showed weak-to-moderate correlations in the expected directions 
with the item assessing off-beeps in the evening questionnaire. (R=0.24 to 0.69; P<.001). Although 
dyskinesia is no typical symptom during off-beeps, it correlated strongly with off-beeps over the 
whole day (R=0.69; P<.001). 
The correlations between difference over time scores were less strong as the absolute answers 
(see Supplementary Material for a correlation heatmap of difference over time scores). All 
correlations were weak to absent.  
 
 

 
Figure 2: Distribution plots of answers from beep questionnaires. Mean positive and negative affect showed 
high and low mean answers, respectively. The ability to perform daily life tasks showed moderate-to-high 
mean answers, whereas the motor symptom items showed low-to-moderate mean answers. All items were 
statements and were answered on a 7-point Likert scale, ranging from 1 (not at all) to 7 (very). The white dot 
represents the median answer, the thick black line represents the IQR, and the thin black lines represent the 
rest of the distribution, calculated as IQR times 1.5. The width of the shapes correlates with the probability 
that the patient answered the corresponding value.  



 

 
 

 
 
 
 

 
Figure 3: Correlations between items from the beep questionnaire and the evening questionnaires. We 
observed strong and moderate correlations between the motor performance items and mean positive and 
negative affect, respectively. We observed correlations between mean affect scores, motor symptoms, motor 
performance, and medication states, in the beep questionnaires and the evening questionnaires, in directions 
that were expected. 
Spearman’s correlations are shown for the corresponding items. Significance level is indicated with * for p < 
0.05, ** for p < 0.01 and *** for p < 0.001. Bonferroni permutation correction is performed. The items from 
the evening questionnaire are correlated with mean answers given on the corresponding day. Absolute R 
correlation values lower than 0.15 are colored black for readability. 
 
Influence of Medication Condition on EMA Answers  
Of 1573 beeps, 1195 (75.97%) were labeled by patients as answered in on-medication condition 
(on-beeps), 339 beeps (21.56%) were labeled by patients as answered in between on- and off-
medication condition (transition beeps), and 39 beeps (2.48%) were labeled by patients as 
answered in off-medication condition (off-beeps; Figure 4). On a group level, mean answers 
significantly differed between on-beeps and non–on-beeps for mean positive affect, general 
motor function, slowness, and dyskinesia. Mean answers between on-beeps and off-beeps 
significantly differed for mean positive affect, mean negative affect, general motor function, and 
tremor.  



 

 
 
 
 
 

On an individual level, mean answers during different medication conditions did not significantly 
differ. The differences were either not significant or not relevant. Only 5 of 20 participants 
reported 20% or more beeps in the non–on-medication condition (Supplementary Material).  

 
Figure 4: Mean answers during different 
medication states. The given answers in 
different medication conditions show 
significant differences. The direction of 
differences is as expected, except for 
dyskinesia, which is scored higher, on 
average, during off-condition compared 
with on-condition. Whiskers indicate 
standard deviations. On-beeps represent 
answers during on-medication, non–on-
beeps represent answers during off-
medication and during the transition 
phase, and off-beeps represent answers 

only during off-medication. #: significant difference (p < 0.05) between on-beeps and non-on-beeps. $: 
significant difference (p < 0.05) between on-beeps and off-beeps. 
 
Discussion  
Clinical Relevance of EMA for Free-Living Parkinson Monitoring  
Owing to the fluctuating nature of Parkinson Disease and its heterogeneous character, EMA holds 
theoretically great potential to increase insight into symptom severity and burden fluctuation 
during free-living conditions. Our work fits in the first milestone defined by the MDS Technology 
Task Force and the MDS Rating Scales Program Electronic Development Ad-Hoc Committee by 
giving insight into the prioritization of outcomes, which are relevant for the patient to measure 
20. Obviously, this paper is one of the first where many are to follow.  
A common challenge for all future work in this field is the validation of methods and 
questionnaires. Validated scales only exist for Parkinson Disease monitoring with longer time 
intervals than the short time intervals needed to detect intraday fluctuations. This fact makes 
classical validation with golden standards hard and even incorrect depending on the 
methodology. The MDS Task Force on Technology, therefore, advices to validate new Parkinson 
Disease monitoring methods for free-living conditions according to accuracy, reliability, 
sensitivity, and minimal clinically significant differences 21. This validation challenge is also 
relevant for the integration of additional biometric monitor devices, such as accelerometers, 
gyroscopes, microphones, or electrophysiological monitor devices. Vizcarra et al 20 make a 
distinction between the integration of action-dependent and action-independent monitoring. It 
is expected that creating golden standards for action-dependent tasks in, for example, a 
laboratory setting is easier than creating standards for an action-independent setting such as free-
living 18,19. For the latter, validated Parkinson Disease monitoring devices collecting subjective 
experiences on symptom severity and burden can be of substantial value.  



 

 
 

 
 
 
 

The most applied and promising action-independent Parkinson Disease monitoring methods for 
free-living conditions are based on wearable sensors 31,32. Attempts to include subjective diary 
data in the validation of sensor data algorithms were hindered by practical limitations mainly, for 
example, recall bias and diary fatigue 19,33. Smartphone-based EMA methodology can be applied 
less obtrusively and address these traditional diary limitations. Naturally, the feasibility of this 
method is heavily dependent on the frequency and duration in which it is applied. These factors 
require thorough future investigations and may differ per intention of use, for example, wearable 
sensor calibration or periodic free-living monitoring of nonmotor symptoms. 
 
General Lessons on EMA in Parkinson’s Disease 
The introduction of a new method in Parkinson Disease monitoring entails challenges and 
questions beyond the current literature. To address these challenges and questions as good as 
possible, we gathered a multidisciplinary team consisting of clinical Parkinson Disease expertise 
(neurology, specialized nurses, neuropsychiatry, and neurosurgery) and experienced practitioners 
of EMA (neuropsychology and neuropsychiatry). We described our most important lessons 
regarding the content and the phrasing of the EMA questionnaire to inform clinicians and 
researchers interested in applying EMA in Parkinson Disease. Moreover, a recently published 
checklist provides researchers with a tool to design an EMA-based diary study 34. Essential for 
EMA in Parkinson Disease is the similarity between the frequency of EMA assessments and the 
frequency of symptom fluctuations that are intended to capture. Thus, EMA studies may require 
different designs depending on whether they monitor levodopa-induced dyskinesia fluctuations 
over a day or whether they monitor the effect of an extra levodopa agonist on morning 
bradykinesia. 
  
Validation of EMA in Parkinson’s Disease 
Mean answer values and distributions show expected findings (Figure 2). Positive affect items are 
known to be answered higher than negative affect items 35. The high mean answers on general 
motor function and the low mean answers on motor symptoms can be explained by the stable-
treated population and the relatively low overall disease progression (Table 1). Concerning the 
observed floor and ceiling effects, we only regard the item on hallucinations as obsolete for this 
population because of the observed extreme floor effect. As stated earlier, negative affect items 
are known to show a floor effect. Tremor and dyskinesia also show an unsatisfying floor effect, 
although we think this is because of the low prevalence of these symptoms in our sample. 
Moreover, the unexpected positive correlation between dyskinesia and experienced off-beeps 
suggests that the dyskinesia item might not be well understood by patients. Limited awareness 
on the presence of dyskinesia among patients with Parkinson Disease is described earlier 36. This 
finding might also be strengthened by the population’s low prevalence of dyskinesia. We advise, 
therefore, to avoid the use of nonapplicable, general questions for individual patients. If an item 
is not applicable for a patient, the patient should be clearly instructed on how to answer this item. 



 

 
 
 
 
 

The moderate-to-high correlations present between affect, motor function, and motor symptoms 
prove the construct validity of the Parkinson Disease EMA method partially. The low-to-moderate 
correlations between motor function and motor symptoms warrant cautious conclusions, and 
follow-up validation among a narrower selected population with more motor fluctuations is 
needed to more extensively proof construct validity. 
The high number of beeps answered in on-medication condition (Figure 4) and the weak till absent 
correlations between difference over time scores (see Supplementary Material) confirm this 
hypothesis. Significance levels are calculated using Mann-Whitney U tests (all P<0.5). All questions 
except Stiffness differed significantly between on-beeps and non–on-beeps. All questions except 
Slowness and Stiffness differed significantly between on-beeps and off-beeps. Ideally, the 
significant differences that were only found on group level also hold on individual levels in the 
next validation study, especially because EMA is intended for individual monitoring.  
Despite the fact that further investigation is needed, EMA in Parkinson disease seems to be 
potentially useful and valid when evaluating the moderate-to-high correlations between affect, 
general functioning, bradykinesia, and stiffness. Altogether, we interpret our findings as 
encouraging, and we stress the importance of a careful patient selection depending on the exact 
goal of EMA monitoring.  
 
Limitations 
The broad inclusion policy was a well-considered choice in the study design, and it resulted in 
important information about the feasibility and validity of EMA in a broad Parkinson Disease 
population. When applied in a more specified cohort, clinimetric validation analyses necessary for 
the next step in validation are better feasible, such as principal component analyses to exclude 
fewer sensitive items. The latter may lead to individual patient- or patient subgroup–specific 
questionnaire content. 
 
Conclusions 
EMA-based eDiaries are promising to enrich free-living Parkinson Disease monitoring with 
essential information on motor and nonmotor fluctuations. First validation analyses suggest the 
internal validation of EMA among a general Parkinson Disease population. Careful patient 
selection and EMA design adjustment to this targeted population and their fluctuations are 
necessary to generate robust proof of EMA validation in future work. Combining clinical Parkinson 
Disease knowledge with practical EMA experience is inevitable to design and perform studies, 
which will lead to successful integration of eDiaries in free-living Parkinson Disease monitoring. 
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Supplementary Material  
 
Development of Parkinson’s disease (PD) specific Ecological Momentary Assessment (EMA) list 
To determine the content of a PD EMA questionnaire we performed a literature search, structured interviews 
with clinical experts, patients and caregivers and consulted the EMA expert group within our institution.  
We searched the Pubmed database in February 2018 with the following search strategy: ‘(("Ecological 
Momentary Assessment"[Mesh]) OR ((experience sampling method) OR (ESM) OR (EMA) OR (ecological 
momentary assessment))) AND (("Parkinson Disease"[Mesh]) OR ("Movement Disorders"[Mesh]) OR 
parkinson* OR (movement disorder*))’. This resulted in 47 hits, of which one described EMA in PD.16 Even this 
study did not use a specialized EMA questionnaire for PD. Next, we reviewed literature describing relevant 
aspects for PD monitoring at home. The SENSE-PARK research group published two well-conducted studies 
on relevant parameters in PD monitoring at home. To define what characterizes ‘good’ and ‘bad’ Parkinson 
moments at home, they performed a web-survey among 198 patients followed by 6 focus groups, and 
performed a Delphi-study among 12 clinicians. They extracted six domains to monitor: gait, bradykinesia, 
tremor, sleep, sway, cognition.37 To define which parameters and assessment tools are needed to monitor 
these six domains, they performed a 2-round Delphi-study among 12 clinicians, 159 patients and 72 
caregivers.38  
Ferreira et al asked PD patients, caregivers and clinicians to score the importance of parameters in PD 
monitoring in the home situation between 1 and 5, and they asked them to rate a top 3 most important 
parameters. Here, we present a list of parameters that are scored higher than 4.0 on average and are 
mentioned in the top 3 parameters in more than 33% of the subjects. They are presented in the second column 
of table S1. 
 
We performed twenty structured interviews with individual patients and asked them ‘What complaint 
distinguishes a good from a bad Parkinson moment the most?’ and ‘What restriction that limits you in daily 
life distinguishes a good from a bad Parkinson moment the most?’. We performed six structured interviews 
with movement disorders experts within our academic hospital, and asked their opinion about the same 
questions. Results on how many percent of patients and clinical experts mentioned symptoms to monitor are 
shown in table S1. 
 

 SENSE-PARK research group Own structured 
interviews 

Parameter Serrano et al37* Ferreira et al38** % of 
patients 

% of 
experts 

stiffness/ slowness 1.7/ 2.2  80 83 

walking 
 

4.1, 43% 45 100 

Freezing of gait  4.3, 59%   

dyskinesia 0.1  40 67 

tremor 1.5 4.1, 36% 40 100 

tired 1.5  35 33 

executive functioning 0.6 4.7, 98% 25 33 

clothing/washing 
 

4.7, 91% 25 83 

housekeeping 
 

4.7, 91% 25 50 



 

 
 
 
 
 

balance/falls 1.0 4.6, 81% 20 83 

fine motor movements 1.7 4.5, 55% 20 33 

speech 0.5  15 83 

pain (legs) 1.0  15 17 

activities 
 

4.7, 91% 10 83 

writing 
 

3.9, 43% 5 0 

autonomous 1.9  5 17 

ON vs OFF 
 

 0 50 

Sleep  4.4, 66% 0 0 

Table S1: Overview of results of different authors on domains and parameters of importance in PD 
monitoring in the home environment 
*: Serrano et al present their results as a combined score between the open survey round and the focus group 
results. **: Ferreira et al present their results as the average score (between 1 and 5) and the percentage the 
parameter was rated in the top 3 parameters to monitor. 
 
As described in the manuscript, we distilled specific questions about (motor) performance and (motor) 
symptoms based on the results shown in table S1. 
 
Sensitivity to change analyses with difference over time scores 

 

Figure S1: Correlations between 
difference over time scores  
Changes in mean positive affect were 
weakly correlated with changes in 
mean negative affect (R = -0.22). 
Mean positive and negative affect 
changed parallel with the motor 
symptoms in the expected directions, 
although the correlations were very 
weak till weak (R = 0.01 – 0.22). 
Changes since the previous beep in 
general function only correlated 
weakly with mean positive affect (R = 
0.19) and were not correlated with 
the rest of the items. Changes in 
slowness and stiffness did correlate 
with each other (R = 0.39) and 
correlated weakly with changes in 
tremor (R = 0.18 and 0.08). 
 



 

 
 

 
 
 
 

 
 
Figure S2: Distribution plot for difference over time scores of most relevant items. The very high relative 
amount of (nearly) 0 answers means that the answers on these items did not show large differences compared 
to the answers on the same items of the prior completed questionnaire. The percentage of beeps with a 
difference over time score of ‘0’ was 45% for mean positive affect, 55% for mean negative affect, 41% for 
general motor functioning, 57% for slowness, 56% for stiffness, 65% for tremor and 76% for dyskinesia. 
 
Detailed analysis of answers given during different medication conditions 

 
Figure S3: Subjective and objective presence of ON/OFF motor fluctuations. The percentage of non-ON 
beeps and OFF-beeps is insufficient to make valid comparisons on an individual level in most of the 
participants. Furthermore, there are large differences between the reported ON- and OFF-states and the 
experienced OFF-moments over days between patients who self-reported to have fluctuations. This prohibits 
On- vs Off-state analyses on individual levels and only allows us to make an analysis on group level, which 
cannot be used to draw hard conclusions. 
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Abstract: Accurate real-life monitoring of motor and non-motor symptoms is a challenge in 
Parkinson’s disease (PD). The unobtrusive capturing of symptoms and their naturalistic 
fluctuations within or between days can improve evaluation and titration of therapy. First-
generation commercial PD motion sensors are promising to augment clinical decision-making in 
general neurological consultation, but concerns remain regarding their short-term validity, and 
long-term real-life usability. In addition, tools monitoring real-life subjective experiences of motor 
and non-motor symptoms are lacking. The dataset presented in this paper constitutes a 
combination of objective kinematic data and subjective experiential data, recorded parallel to 
each other in a naturalistic, long-term real-life setting. The objective data consists of 
accelerometer and gyroscope data, and the subjective data consists of data from ecological 
momentary assessments. Twenty PD patients were monitored without daily life restrictions for 
fourteen consecutive days. The two types of data can be used to address hypotheses on 
naturalistic motor and/or non-motor symptomatology in PD. 

  



 

 
 

 
 
 
 

1. Summary 
 
Parkinson’s disease (PD)’s world-wide prevalence is expected to double to over 12 million 
patients by 2040 1. Current treatment strategies are symptomatic, mainly focus on improving 
motor function, and start with oral dopaminergic replacement medication. Refractory motor 
symptoms, adverse effects, or (non-)motor fluctuations can indicate advanced treatments, such 
as continuous levodopa administration or deep brain stimulation, or additional non-
dopaminergic therapies 2,3. A challenge in PD care is to improve symptom monitoring during 
patients’ real life, in between clinical visits. Continuous, passive PD monitoring is suggested to 
improve therapy evaluation and titration by decreasing reliability on patient recall, and 
limitations of current monitor tools such as the lack of unobtrusive, repetitive assessment 4,5. 
Wearable sensors monitoring motor symptoms are probably the best-known example of passive 
monitoring 6-9. Wearable motion sensors are also suggested to investigate non-motor symptoms 
such as depression 10. Additionally or complementary to continuous objective monitoring, 
continuous subjective monitoring via electronic (e-)diaries is suggested to contribute to both 
motor and non-motor PD monitoring in real life 11,12. 
Due to the ubiquitous presence of smartphones and smartwatches with dedicated mHealth-
applications, the collection and analysis of real-life data has increased exponentially over the 
last decade. Most of these devices allow objective motion data collection via inertial 
measurement units (IMUs). IMUs typically contain accelerometers and/or gyroscopes. In 
addition to these objective measures, subjective information about the patient’s status can be 
obtained through diary methods or regular questionnaires administered via mHealth-
applications. A valid translation of these real-life, or naturalistic, data into clinically or 
scientifically relevant information is an important challenge for researchers involved in PD and 
many (neuro)psychological and somatic diseases 6,12.  
The presented multi-modal data were collected to improve understanding of the feasibility, 
usability, and validity of real-life PD monitoring, with a focus on motor symptoms. Objective 
data were collected via bilateral wrist and a chest IMU containing accelerometers and 
gyroscopes. Subjective data were collected via smartphone-based ecological momentary 
assessments (EMA), also called experience sampling methods. The practical feasibility of this 
novel combined method in a general PD population was demonstrated before 11. We showed a 
good completion of objective and subjective data collection, with an acceptable burden for PD 
patients, and without high variability in completion between or within days. 
These naturalistic long-term objective and subjective data aim to overcome the lack of 
unobtrusive, momentary, repetitive assessments of currently available PD motor monitoring 
devices 7,13,14. Substantial concerns exist about the first-generation PD monitor devices regarding 
real-life validity, and their specific intended role in clinical practice 15,16. Defining the exact role 
in clinical practice of a clinically supportive, data-driven tool is of critical importance to realize 
successful and impactful implementation 17,18. In our data, the subjective data complements the 
motor monitoring by the objective data. Combining continuous objective and subjective data 
can help to overcome the well-known challenge of translating scripted, lab-based monitor 
methods, to unscripted, real-life monitor methods 19,20. More specifically, it can serve as an 
alternative, continuous gold standard informing about subjectively experienced PD 
symptomatology, parallel to naturalistic sensor data. Traditional PD monitor instruments, such 
as the Movement Disorders Society Unified Parkinson Disease Rating Scale (MDS-UPDRS) and 



 

 
 
 
 
 

the Parkinson Disease Quality of Life Questionnaire (PDQ-39) are limited as they require the 
physical presence of trained clinicians, one assessment covers days to weeks, and their usability 
for longitudinal follow-up has been questioned 21-23. As a proof-of-concept, we successfully 
predicted subjective EMA-answers regarding tremor severity based on objective motion data in 
a single participant 24. 
Non-motor symptoms are notoriously disregarded in PD management, despite their repeatedly 
demonstrated effect on patients’ quality of life 25. Dedicated non-motor symptom scales are 
increasingly available and applied; however, naturalistic momentary assessment is no standard 
practice yet. EMA is explored for psychiatric disorders such as depression 26, and evidence 
suggests a role of EMA in monitoring or treating depression 27. EMA may contribute to clinical 
practice and scientific research regarding non-motor symptoms in PD 28; this hypothesis 
requires, however, further investigation. 
This paper and its accompanying database aim to enable and stimulate PD researchers to 
answer research questions regarding real-life motor and/or non-motor symptoms, using 
objective data, subjective data, or both. For the patients who reported to suffer from motor 
fluctuations, motor-related motion sensor analyses can be performed. The potential value of 
these data is underlined by previous naturalistic PD monitoring work calling for continuous data 
sets containing self-reported motor states and motion sensor data 29. Especially, the repetitive 
subjective symptom experiences via EMA offer new possibilities in motor monitoring 
development. Where recent validation studies aim on performance over longer time periods 9,30, 
the additional ESM facilitates analyses over shorter time windows. Moreover, the ESM offers a 
higher symptom resolution than merely ON-versus OFF-medication. Open-code efforts such as 
the BEAT-PD data challenge offer well-performing publicly available algorithms to differentiate 
between ON and OFF, and detecting tremors and dyskinesia 31. These proposed signal 
processing and prediction analyses can be applied on finer-grain symptom resolutions in our 
dataset. 
Further, many non-motor symptom-related research questions and hypotheses can be explored 
with these data. Non-motor symptoms are increasingly suggested to be part of continuous PD 
monitoring 12, and a concrete example is the suggestion to include patient-reported outcomes 
to monitor non-motor symptoms after deep brain stimulation for PD 32. Research into general 
non-motor monitoring, as well as research into such specific non-motor monitoring applications, 
can profit from the data presented here. 
With this data and this accompanying descriptor, we contribute to open-science for PD in 
general, and open-source, reproducible algorithms for real-life PD monitoring 29,31,33,34. 
Furthermore, the applied methodology to combine momentary objective data with high-
frequency objective data can be extrapolated to (EMA-)research in general. 
 
2. Data Description 
The data is publicly available via DataverseNL repository “EMA and wearable sensor monitoring 
in PD”, under CC0 “Public Domain Dedication” license (https://doi.org/10.34894/5HHK8H) 35. 
We provide raw sensor data and raw EMA data separately and unmerged, to enable every 
researcher to process the data as desired. 
The code used for extracting, aligning, and merging both data types, including the example 
analysis, is available on https://github.com/jgvhabets/sensor_EMA_PD_monitoring. 
 
2.1 Objective Sensor Data 



 

 
 

 
 
 
 

Sensor data are stored in European Data Format 36 (edf)-files, and organized on the DataVerseNL 
repository in separate patient folders. Each patient folder contains multiple edf-files 
representing all 14 recording days. 
 

• The name of every edf-file contains first the sensor name, followed by the start date 
and time of the recording. For example, in folder “110001”, the file 
“13792_20180828_0752223.edf” contains the recording from participant 110001 with 
sensor 13792, which started recording on 28 August 2018, at 07:52:23. The read-me 
file “READ_ME_EMA_SENSOR_PD.txt” explains which sensor numbers represent left 
wrist, right wrist, or chest IMUs. The sensors actively recorded when they were not 
connected to a USB-charging device. 

• Each edf-file contains six channels (representing the x-, y-, and z-axes for, respectively, 
accelerometer and gyroscope), including timestamps. Acceleration is recorded in m/s 
per second, and rotation is recorded in degrees per second. 

• Prior to the first recording day, the clocks of all three sensors were reset and 
synchronized. The manufacturer assures temporal drift to be negligible over the 
period of two weeks with respect to merging and pairing with EMA-assessments. 

• Single edf-files were created when a sensor was disconnected from the charger. A file 
continued storing data until the sensor was connected to a charger again and the file 
closed. If a recording passed midnight (00:00:00), the file closed as well, and a new file 
was created and continued storing data. 

 
2.2. Subjective EMA Data 
 
2.2.1. EMA Data Organization 
The EMA method consisted of three types of questionnaires: a “beep” questionnaire, a daily 
morning questionnaire, and a daily evening questionnaire (see Chapter 6, Figure 1). The “beep” 
questionnaire was identically offered seven times per day, with an accompanying notification; 
the morning questionnaire was available to complete on own initiative between 06:00 and 
12:00; and the evening questionnaire was available to complete on own initiative between 
20:00 and 03:00. 
The EMA data from all patients are stored in “EMA_data.csv”. 
The fist column provides a patient number, corresponding to the sensor data folder names. 
Then, two columns provide timestamps indicating the start time and end time of beep-
questionnaire completion. 
These are followed by columns providing the answers on the items from the beep-
questionnaire. 
Then, columns provide the answers on the morning and evening questionnaires from the 
corresponding day. 
The file “EMA_data_coding.xlsx” provides a clear explanation of the coding of all questionnaire 
items and answers. 
 
2.2.2. EMA Content 
If no multiple-choice is provided in square brackets, items are answered on a Likert scale from 1 
to 7. 



 

 
 
 
 
 

3. Methods 
 
3.1. Participants 
Twenty idiopathic PD patients participated in this study (see Chapter 6, Table 1). Patients were 
recruited via their treating neurologist or neurosurgeon at Maastricht University Medical Centre. 
Inclusion criteria were diagnoses of idiopathic PD, age between 18 and 80 years, in possession of 
a smartphone (minimal iOS 8 or Android 4), mastering spoken and written Dutch language, and 
available during two consecutive weeks of representative daily activities (meaning no holidays 
or planned hospital admission). No participants were excluded because of cognitive deficits (less 
than 24 points on the Montreal Cognitive Assessment). Hoehn and Yahr scores and levodopa 
equivalent daily dosages were collected. Twelve out of twenty participants (110002, 110003, 
110004, 110006, 110008, 110014, 110016, 110017, 110018, 110019, 110020, and 110021) 
reported to suffer motor fluctuations despite dopaminergic (and deep brain stimulation) 
therapy. Disease-specific details are not included in the publicly available data set due to local 
ethical privacy regulations. Researchers can contact the authors when these data are requested. 
This study was approved by the local medical ethical committee and written informed consent 
was obtained from all participants, including the approval to share the anonymized data (METC 
azM/UM 2017-0307). 
 
Participants were monitored via wearable sensors and EMA for 14 consecutive days and were 
instructed to not adjust their daily life routines or activities (Figure 1). An introductory meeting 
was held prior to day 1 at the patient’s home during which the sensors were provided and the 
EMA application was installed and explained. A phone call consultation was performed at day 2 
and day 8 to evaluate the progress and answer possible questions. After day 14, a researcher 
collected the sensors and evaluated the study period. 
 
3.3. Parkinson’s-Specific EMA Method 
EMA is a validated method for observational studies or therapy evaluation in psychiatric and 
psychological diseases 37-39. Subjective experiences are collected through questionnaires several 
times daily on semi-randomized moments. Recall-bias is minimized by allowing the patient to 
complete the questionnaire only during a short time window after notification, and by asking 
the patient to report his/her experience “at this moment”. These repeated measurements aim 
to capture symptom fluctuations over the day, as well as slower fluctuating trends over longer 
time spans. The practical feasibility of this method in these 20 PD patients is described earlier 11. 
We applied a PD-specific EMA questionnaire in this dataset, containing affect, motor, and non-
motor symptomatology, as well as contextual items. The morning questionnaire contains mainly 
items regarding sleep and fitness after waking, and the evening questionnaire covers mainly 
motor functioning and symptomatology during the day, to enrich analyses on day levels. The 
development and internal validation of this PD EMA-questionnaire is extensively described 
earlier 40. 
EMA and eDiaries are thought to be more sustainable tools to capture subjective intraday PD 
fluctuations in the future than paper diaries, which are more limited by procrastination, recall 
bias, and diary fatigue 41,42. 



 

 
 

 
 
 
 

Figure 1. Schematic overview of one day of data collection. The blue, orange, and green lines represent, 
respectively, the signal on the x-, y-, and z-axis of an accelerometer, or a gyroscope. The signals are shown 
between 8:00 a.m. and 10:00 p.m. Selected time spans of sensor data which will be compared with the 
corresponding ecological momentary assessment (EMA) answers are shown in grey. 
 
3.4. Devices 
 
3.4.1. PsyMate (EMA Application) 
The EMA monitoring was executed via a smartphone-based EMA application (PsyMate®, 
Maastricht, The Netherlands). The application presented the beep questionnaire seven times 
daily on semi-randomized moments, one questionnaire per two-hour window between 08:00 
and 22:00 (see Figure 1). In order to reduce recall bias, the participants had to start answering 
the questionnaire within 15 min after notification. After these 15 min the questionnaire could 
not be opened anymore and was labeled as missed. The participants were instructed to 
complete as many questionnaires as possible without adjusting their lifestyle and activities. They 
were asked to complete the morning and evening questionnaire every day. These 
questionnaires were available during the above-mentioned time spans but were not presented 
with a notification. 
The answers to completed beep questionnaires, as well as to the morning and evening 
questionnaires, were automatically uploaded to a server provided by the application developer. 
Missed questionnaires were not registered in the database. 
 
3.4.2. MOX-5 (Wearable Sensor) 
The patients used three wearable sensors, one located at each wrist and one at the sternum 
attached to a necklace (MOX5, Maastricht Instruments©, Maastricht, The Netherlands). The six 
degrees-of-freedom wearable sensors contained a tri-axial accelerometer and a tri-axial 
gyroscope, and recorded unprocessed raw data. The axial orientation of the wrist sensors was 
the following: x was parallel to the arm length, y recorded sideways movement in anatomical 



 

 
 
 
 
 

position, and z recorded front/back movement in anatomical position. The axial orientation of 
the chest sensor was the following: x was parallel to the body length, y recorded movement 
sideways, and z recorded movement to the front or back. The accelerometer covered an 
amplitude range of ±8 g and the gyroscope covered a range of ±2000 degrees/s. Data were 
collected with a sampling rate of 200 Hz. The sensors stored all data on a built-in memory disk 
and did not automatically transfer data or provide real-time assessments. The participants were 
instructed to wear the sensors from the moment they rose in the morning, until they went to 
bed at night (ideally at least between 08:00 until 22:00), except during showering or bathing. 
 
4. User Notes 
 
4.1. Software 
We performed our data pre-processing and analysis in Jupyter Notebooks for Python (Python 
version 3.6, Project Jupyter ©, https://jupyter.org, revision fe7c2909). We used software 
packages: pyedflib, pandas (version 0.24.2) 43, Numpy (version 1.16.4) 44, and scikit-learn 
(version 0.21.2) 45. 
 
4.2. Interpretation of Data Quantity and Quality 
Detailed descriptions of these results are reported earlier [11,40]. Most of the participants 
experienced the data collection as not incriminating (17 out of 20.85%), and 90% (18 out of 20) 
did not adapt their daily activities. On average, the participants wore the wearable sensors 94% 
of the instructed wearing time, resulting in almost 15 h of sensor data collected daily. EMA 
completion rates for beep, morning, and evening questionnaires were, respectively, 79%, 97%, 
and 94%. No differences were seen in completion between different study days, or different 
daily moments. For three participants (110007, 110010, and 110015), more than 25% of the 
sensor data corresponding to the EMA beeps were missing due to practical data storage issues. 
Internal validity of the EMA answers is explored by correlating subjectively reported concepts as 
positive versus negative affect, motor symptom severity, motor functioning, and dopaminergic 
medication states with each other. Positive correlations between positive affect and motor 
functioning and less symptom severity were hypothesized. Additionally, dopaminergic off-
medication states were hypothesized to correlate positively with motor symptom severity, and 
to correlate negatively with motor functioning and positive affect. The evening questionnaire on 
motor functioning and motor symptoms during the past day were hypothesized to correlate in 
the same way as described above. On a group level, this hypothesis was confirmed by 
correlations linking positive affect, with fewer motor symptoms, better motor functionality, and 
on-medication states, and vice versa. On an individual level, not enough fluctuations were 
captured for every individual participant to reproduce this. Seventy-six percent of EMA beeps 
were answered in dopaminergic on-state, 21.5% in transition state between on- and off-state, 
and 2.5% in off-state. Mild fluctuations are therefore more likely to be captured more often in 
this data than severe fluctuations. Due to the high overall completion rates, and in-person 
evaluations with the participants, we suggest the low number of off-states can be explained by a 
low prevalence of true off-states. For medication-state analysis, it therefore can be suggested to 
compare on-state versus non-on-state (transition on/off plus off-state). 
 
4.3. Combined Data Processing and Analyzing: Practical Example of Dopaminergic Fluctuation 
Detection 



 

 
 

 
 
 
 

As an example, we propose a pipeline to align and merge two data types with varying sample 
frequencies. In this process, we decided to select sensor data from the 15 min preceding the 
start of EMA beep questionnaire completion. These 15 min are chosen because the patients 
were instructed to complete the questionnaire according to their experiences at that exact 
moment (“How do you feel at this moment”). The 15 min block was a pragmatic and arbitrary 
decision; researchers might deviate from this approach based on their own arguments or 
hypothesis. 
To support the usability of the data, we will give an example of dopaminergic fluctuation 
detection in participant 110018, suffering from strong symptom fluctuations [24]. We will merge 
both data types, extract features from the sensor data, and present correlation between the 
objective and subjective data by predicting the subjective reported medication state based on 
the objective sensor features. We extract features designed for wrist-sensor data, and will 
repeat classification analyses based on wrist- and chest-sensor data. The wrist-sensor analysis is 
comparable to an analysis in previous work 11. Here, we repeat this analysis with data from the 
chest-sensor. Although the wrist-data and the chest-data were recorded during the same time 
points, we hypothesize that the classification analysis based on wrist-data is more successful to 
differentiate medication-state. 
 
4.3.1. Data Merging 
To enable merging of the EMA data and the sensor data, the completed beep questionnaires 
from the EMA data were used as a reference frame. For sensor data extraction, the timestamps 
of all starting moments of completed beep questionnaires were extracted and the raw sensor 
data corresponding to each 15-min block preceding these EMA time stamps were selected. Raw 
sensor data were first down-sampled to 100 Hz since a higher sample rate was not necessary for 
the intended analysis. This resulted in a data frame containing 90,000 rows of sensor data (15 
min of 100 Hz) corresponding to every complete beep questionnaire. Each row consisted of 
three values (x-, y-, z-axis) for each of the three accelerometers and the gyroscopes. 
 
4.3.2. Sensor Data Pre-Processing and Feature Extraction 
Features representing the research topic of interest, in this case, dopaminergic medication 
fluctuation, have to be extracted from the raw, 100 Hz sensor data. Depending on the features 
and hypothesis, researchers can be interested in feature values per, e.g., 60 s of extracted 
sensor data. This time span is referred to as the feature window length. We extracted various 
features designed for wrist-accelerometer and wrist-gyroscope data representing bradykinesia 
or medication fluctuation 8. By calculating features, a new dataset is created, in which each row 
contained the timestamp and the feature value for one feature window length. 
For this practical example provided, we applied a feature window length of 900 s 24, and did not 
apply overlapping epochs in the sensor data. The following temporal domain features were 
extracted: the root mean square (RMS) of every accelerometer-axis feature window length, and 
the amplitude range, representing the range between the minimal and maximum amplitude per 
accelerometer-axis feature window length. The following spectral domain features were 
extracted: the spectral power density for frequencies corresponding to tremors (3.5–7.5 Hz) for 
both accelerometer-axes and gyroscope-axes, and the spectral power density for frequencies 
corresponding to bradykinesia (0.5–3 Hz) per accelerometer-axis, the dominant frequency per 



 

 
 
 
 
 

accelerometer-axis, and the dominant energy ratio per accelerometer-axis (dividing the energy 
within the dominant frequency by the total sum of the energy in all frequencies). 
 
4.3.3. Classification Analysis 
The corresponding EMA items on medication status were used as binary labels for the extracted 
sensor data. We trained a logistic regression model in a 5-fold cross-validation. Applied on wrist-
worn sensor data, the classifier differentiated between the medication states with an area 
under the receiver operator curve (AUROC) of 0.73 (Figure 2A). Applied on chest-worn sensor 
data, the same classifier was not able to discriminate between the medication states above 
chance level (AUROC of 0.51) (Figure 2B). 
The presented examples show that subjectively reported experiences of medication fluctuation 
can be predicted from features derived from the motion sensor data. 
 

Figure 2. Receiver Operator Curves (ROC) for differentiating medication-state of a patient with symptom 
fluctuations based on sensor features which are developed for wrist-worn sensor data. (A) ROC for analysis 
with features extracted from wrist-worn data. (B) ROC for analysis with features extracted from chest-worn 
data. Figure 2A is based on comparable analyses as in our feasibility study 11. 
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Abstract 
 
The continuous monitoring of Parkinsons’s disease (PD) symptoms would allow to automatically 
adjust medication or deep brain stimulation parameters to a patient’s momentary condition. 
Wearable sensors have been proposed to monitor PD symptoms and have been validated in a 
number of lab and hospital settings. However, taking these sensors into the daily life of patients 
introduces a number of difficulties, most notably the absence of an observable ground truth of 
what the user is currently doing. 
 
In this pilot study, we investigate PD symptoms by combining wearable sensors on both wrist and 
the chest with a questionnaire based evaluation of PD symptoms, in the form of experience 
sampling method. For a tremor dominant patient, we show that experienced tremor severity can 
be predicted 
from the sensor data with correlations of up to r = 0:43. We evaluated different window lengths 
to calculate the features in and see better results for longer window lengths. Our results show 
that continuous monitoring of PD symptoms in daily life is feasible using wearable sensors. 
  



 

 
 

 
 
 
 

Introduction 
 
Parkinson’s disease (PD) is a degenerative disorder in which a loss of dopaminergic neurons in 
the substantia nigra causes motor and non-motor symptoms. Cardinal motor symptoms are 
bradykinesia, rigidity, tremor and postural instability. The vast majority of PD patients is treated 
with dopaminergic medication, e.g. levodopa, to restore dopamine levels in the basal ganglia. A 
well-known challenge of this pharmacological treatment is the occurrence of intra-daily motor 
fluctuations and levodopa-induced dyskinesia after five to ten years 1. These fluctuations are 
also known as ON- and OFF-fluctuations, where ON-state refers to periods during which motor 
symptoms are well treated, and OFF-state refers to periods during which motor symptoms are 
not treated sufficiently. Suffering from ON-OFF fluctuations can be an indication for deep brain 
stimulation (DBS), which then aims to increase the time a patient spends in ON-state. Therefore, 
monitoring these intra-daily fluctuations is of importance to control and adjust dopaminergic 
restoration therapy, and maybe even DBS in the future 2. 
 
Wearable sensors, in particular inertial measuring units consisting of accelerometers and/or 
gyroscopes, have potential to monitor PD symptoms and ON-OFF fluctuations in a continuous, 
non-obtrusive manner. Further validation of systems and preferably care-models is needed 
before they are applicable for daily life monitoring 3,4. Studies monitoring tremor during daily life 
activities are often limited because data were collected in simulated home settings in either a 
research lab or hospital 5–9. Although the real-life representation of a simulated home setting 
stays debatable, videotape recordings of the assessments can be made and be used as parallel 
’ground truth’ data. Studies which are performed in the real home situation are however limited 
because of the lack of such parallel ground truth data 3. This highlights one of the major 
challenges in PD monitoring; the availability of reliable ground truth data on the patients clinical 
state. 
 
We introduce experience sampling method (ESM), also known as ecological momentary 
assessment, to provide additional subjective data on the patient’s well-being to verify and 
evaluate our wearable sensor data 10. The smartphone-based ESM method we used, presents 
digital questionnaires at semi-randomized moments throughout the day asking the patient 
about current motor state and symptoms. Additionally, there are accompanying questions on 
mood, affect and context, which can also fluctuate and cannot be measured directly from the 
wearable sensors. The development and validation of the ESM-method will be described 
elsewhere. In this case report, we describe a tremor-dominant PD patient who reported to 
suffer from ON-OFF fluctuations. We demonstrate how fluctuations in tremor severity, 
measured by ESM, can be predicted from wearable sensors during daily living. 
 
Material and methods 
 
Study Design 
During a period of two consecutive weeks, participants had to wear three wearable sensors (one 
at each wrist and one at the chest) and had to complete ESM questionnaires. 
 



 

 
 
 
 
 

1) Wearables: This study used MOX5 wearables (Maastricht 
Instruments, Maastricht, The Netherlands), containing both 
an accelerometer and gyroscope. The accelerometer 
covered an amplitude range of ±8 g and the gyroscope 
covered a range of ±2000 deg/s. Data were collected with a 
sampling rate of 200 Hz. The wearables were attached to 
the body via handmade wristbands and a necklace (Fig. 1). 
Participants had to wear the wearables only during daytime, 
and had to charge them at night. For subsequent alignment 
to the ESM questionnaires, the data were time stamped on 
the devices. Data were saved on the device and were 
extracted by the research team after the measurement 
period. 
 
Figure 1. Wrist-worn (A) and chest (B) sensors including 
accelerometer and gyroscope as well as flash storage and batteries. 
Participants wear the sensors from waking up until they go to bed 
and charge them during the night. 
 
2) ESM: The ESM app Psymate was installed on the 
participants smartphone. We developed a specific PD 
questionnaire using previous work 11,12 and by patient and 
clinician interviews about what is considered important when identifying inter- and intra-daily 
fluctuations in PD symptoms. During the measurement period, participants received repetitive 
questionnaires (containing 26 questions) at seven semi-randomized moments during the day. 
These questionnaires contained questions on mood, affect, context, motor state and PD 
symptoms at that specific moment (e.g. I experience tremor). Participants had to rate the 
questions on a 7-point Likert scale. The questionnaires stayed available for only 15 minutes, 
thereby excluding recall bias. The participants were asked to complete as much questionnaires 
as possible without adapting their normal daily behaviour. 
 
Participants 
This study was approved by the METC azM/UM and written informed consent was obtained 
from all participants. Recruitment was done by neurologists, neurosurgeons, and PD nurses at 
the Maastricht University Medical Centre. Inclusion criteria were: Diagnosed with idiopathic PD; 
in possession of a smartphone (iOS or android); mastering Dutch language; and being available 
for two consecutive weeks of representative daily activities. Patients were excluded if they 
scored less than 24 points on the Montreal Cognitive Assessment 13. We included and finished 
data collection in 20 participants. 
 
To be sure to have sufficient fluctuations in tremor severity for this pilot study, we investigate 
the case of a participant that reported to be tremor dominant and to suffer from severe ON-OFF 
fluctuations. This participant is a 65-year old male who has been diagnosed with idiopathic PD 
for 6 years. He scored 26 points on the Montreal Cognitive Assessment. Since one year this 
participant receives bilateral subthalamic DBS therapy. In addition to the DBS therapy, he takes 
dopaminergic medication five times a day (levodopa equivalent daily dose = 788). The patient 
reported ON-OFF fluctuations which were medication related, resulting in periods of increased 



 

 
 

 
 
 
 

tremor ranging from approximately half an hour before standard medication intake moments 
until a quarter after medication intake. 
 
Data processing 
In order to align the continuous sensor data to the relevant subjective evaluations measured 
through ESM, we extracted the 15 minutes of sensor data prior to each completed 
questionnaire. We hypothesize that the previous 15 minutes best reflect the participants 
symptomatic experience. Each 
of these 15 minute long blocks is then associated with the corresponding answers from the ESM 
questionnaire. To extract meaningful information from the sensor data, we extracted features 
both in the time and spectral domain 14. We evaluate different window lengths for the feature 
extraction. Fig. 2 visualizes our feature extraction procedure. 
 

Fig. 2. Feature extraction 
procedure. For each ESM 
questionnaire, we extract the 
proceeding 15 minutes of 
continuous sensor data. We divide 
these into windows of varying 
length w and extract different 
features. The extracted feature 
vectors are then annotated with 
the answers from the 
corresponding questionnaire. 
 
 
Feature extraction 

Based on previous work 7,9,15 in the detection and decoding of tremor and bradykinesia in lab or 
hospital settings, we extracted the following features: 
 

1) Logarithmic signal energy in the 3.5-7.5 Hz frequency band. We extracted this 
information from both accelerometer and gyroscope data. (6 features) 

2) Total signal energy in the form of the root mean squared signal. This feature was 
extracted from the low-pass filtered (3 Hz) accelerometer data. (3 features) 

3) The dominant frequency in the low-pass filtered (3 Hz) accelerometer data. (3 
features) 

4) The dominant energy ratio, which we calculated by dividing the maximum energy 
by the total energy in the low-pass filtered (3 Hz) accelerometer data. (3 features) 

5) The amplitude range, which we extracted from the lowpass filtered (3 Hz) time 
series of accelerometer data. (3 features) 

6) Maximum normalized cross-correlation and corresponding temporal offset 
among all pairs of low-pass filtered accelerometer time-series data. (2 features) 

 
This results in a total of 20 features for each of the three wearables and thus a total of 60 
features. To investigate the effect of window length and see which window length best 
represents the patient’s answers, we extracted these features in non-overlapping windows of 



 

 
 
 
 
 

30, 60, 120, 180, 300 and 900 seconds. We assigned the same answers from the corresponding 
questionnaire to all windows extracted from one block of sensor data. Please note that this 
leads to different amounts of samples for the different window length conditions. While the 900 
second long windows result in 62 samples (= number of filled-out questionnaires), the 30 second 
long windows result in 62 * 30 = 1860 samples. This also results in vastly different baseline 
levels, which we estimate using permutation levels (see Section Data Analysis). 
 
Data Analysis 
For this pilot study, we focused on both wrist worn sensors and excluded the chest sensor. This 
results in a total feature space of 40. To test the prediction of tremor severity from the 
extracted features, we applied a 10-fold cross-validation. In this approach, 90% of the data are 
used for training and the remaining 10% are used for testing, this is repeated until all samples 
have been used for testing exactly once. To predict the continuous severity assessments, we 
employed a simple linear regression. We calculated Pearson correlations between original and 
predicted tremor severity to evaluate the prediction. 
 
We tested statistical significance through random permutation tests, in which we randomly 
shuffled the severity scores and calculated correlations between original and shuffled scores. 
This process was repeated 1000 times and the 95% highest correlations were used as a random 
baseline to signify the α = 0:05-level. 
 
Results 
 
Correlation coefficients between original and predicted tremor scores are significantly above 
chance level for all window lengths except for the 120 second long windows (Fig. 3 (A)). This 
drop is further characterized by higher correlation coefficients for shorter (above 0.15 for both 
30 and 60 seconds) and longer windows (180 seconds and above). Highest correlation scores 
were obtained for 15 minute long windows with r = 0:43. Fig. 3 (B) shows an example of 
predicted and actual tremor scores for 15 minute long windows. 

 
Fig. 3. Mean correlation results for tremor severity (A). Correlation coefficients for all but the 120 second 
window length are significantly above chance level (red shaded area, alpha = 0:05). Example of actual (blue) 
and predicted (yellow) tremor scores for the full 15 minute window condition (B). 



 

 
 

 
 
 
 

Discussion 
 
The evaluation of PD symptoms in continuous monitoring during daily life activities is very 
challenging, as no ground truth is available. Patients might sit still in front of the TV, be engaged 
in a conversation or take a walk in the park. These different activities will have tremendous 
effects on the measured sensor data and variations need to be taken into account before 
reliable prediction of symptoms can be achieved. Our preliminary results give compelling 
evidence that features that are known to be successful in the prediction of PD symptoms in lab 
settings 15, can be used to predict tremor severity during the patients daily life. These results 
expand previous work which did make use of activity detection using videotapes, clinical 
assessments, and predefined motor tasks 6–8,8,9. In addition, our results expand previous work 
which predicted clinical tremor scores from tremor data which was recorded while patients 
were comfortably seated in a chair 16. Lastly, this study is to our knowledge the first one 
comparing the effect of using different window lengths for tremor feature extraction. Longer 
window lengths resulted in better correlation results of the predicted ESM scores. It is important 
to note that the chance level results are also higher for longer windows, as the number of 
samples decreases, and high correlations are more likely in smaller sample sizes. 
 
Clearly, our results need to be extended to more patients with different amounts of ON-OFF 
fluctuations and to other PD motor symptoms, such as bradykinesia, rigidity, and dyskinesia. 
 
Conclusion 
 
In this case report, investigating fluctuating PD tremor in a patient’s daily life, we show that 
subjective tremor scores can be predicted with good correlations from wrist-worn sensors using 
very simple regression models. We employ standard features from the literature and investigate 
the influence of different window lengths on the prediction quality. For analyses of this 
individual patient, longer window lengths seem to result in better prediction quality. This 
confirms the possibility and increases the knowledge on monitoring PD symptoms in a daily life 
situation. 
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Abstract 
 
Introduction: Motor fluctuations in Parkinson’s disease are defined as inconsistent therapeutic 
benefits on symptoms such as bradykinesia and rigidity and impair the quality of life of many 
Parkinson patients. Traditional Parkinson evaluation tools are not designed for continuous, 
naturalistic symptom monitoring. Objective motor fluctuation monitoring should accurately 
measure and decode movement, during real world (naturalistic) activities. Although the use of 
commercially available motor fluctuation monitoring devices for multiple days can augment 
neurological decision making, the feasibility of rapid and dynamic decoding of fine-grained motor 
fluctuations using wearable accelerometry is unclear. We investigate the performance of machine 
learning classification models identifying rapid (on a minute level), medication-induced wearing-
off motor fluctuations. 
Methods: As part of the Parkinson@Home study protocol, Parkinson patients were encouraged 
twice to perform an hour of unconstrained activities in their own homes, in deprived and optimal 
dopaminergic medication states, while being recorded with bilateral wrist-accelerometers. 
Naturalistic bradykinesia-representing features were extracted from unilateral accelerometer 
data of 20 patients, from the bodyside with the largest unilateral bradykinesia fluctuation. After 
comparing the accelerometer features on the hour level, medication-state classification analyses 
were performed on the minute-level. The influence of individual versus group training data, 
window length, and amount of training data was analyzed. 
Results: Statistically significant classification of medication induced bradykinesia fluctuations 
were seen in 90% of the Parkinson patients at the single minute timescale using either the group 
or individual model. Individually trained models performed equally despite the small training 
dataset and unconstrained motor activities. Bradykinesia classification of the group models 
improved as the length of the feature windows was widened up to 300 seconds, and as the 
number of training patient datasets was increased.  
Conclusion: Rapid, naturalistic Parkinson motor monitoring has important clinical potential to 
evaluate dynamic symptomatic and therapeutic fluctuations. Rapid short-term Parkinson 
monitoring is subject to different conceptual challenges than longer-term Parkinson monitoring, 
which should be addressed in separate model development and validation studies. 
  



 

 
 

 
 
 
 

Introduction 
Parkinson’s disease (PD) is a disabling neurodegenerative disorder characterized by motor and 
non-motor symptoms that significantly affect patients’ motor performance and quality of life 
(QoL) 1–3. Symptomatic PD management initially focuses on pharmacological dopamine 
replacement therapies 4. However, half of PD patients develop ‘wearing-off’ motor fluctuations 
during the first decade after diagnosis 5,6. Wearing-off motor fluctuations are defined as 
inconsistent therapeutic benefits on symptoms such as bradykinesia and rigidity, despite regular 
dopaminergic delivery 6. These motor fluctuations and also other dopaminergic related side 
effects can markedly impair patients’ QoL 7. Motor fluctuations are therefore a primary indication 
for consideration of deep brain stimulation (DBS) 1,8. Adequate monitoring of motor fluctuations 
is essential for treatment evaluation, both in the presence and absence of DBS, and wearable 
motion sensing represents an appealing approach to support this 9,10, although several challenges 
remain to be addressed 11,12.  
 
Ideally, objective motor fluctuation monitoring should accurately measure and decode 
movement, during real world (naturalistic) activities, and be simple to implement for patients 10,13. 
Currently used Parkinson evaluation tools such as the Movement Disorders Society Unified 
Parkinson Disease Rating Scale (MDS-UPDRS) and the Parkinson Disease QoL questionnaire (PDQ-
39) are not designed for chronic continuous, naturalistic symptom monitoring 14,15. They contain 
questionnaires which capture subjective estimates of retrospective symptoms over a week (MDS-
UPDRS II and IV), or a month (PDQ-39), but these are dependent on patient recall, which is often 
in perfect, particularly in patients with cognitive decline. Observing and scoring motor fluctuations 
requires trained health providers to perform single time point evaluations (MDS-UPDRS III). Motor 
diaries, often used as gold standard for 24-hour naturalistic monitoring, require self-reporting 
every 30 minutes 16. This burden causes recall-bias and diary fatigue in long-term use 17.  
 
The strong clinical need for continuous symptom tracking, together with the wide availability of 
affordable accelerometer sensors via the ubiquitous presence of digital devices, has led to 
numerous academic and commercially available wearable PD monitoring systems 18–22. So far, 
promising augmentation of clinical decision making has been reported, based on commercially 
available motor fluctuation monitoring devices that were used for multiple days, prior to 
neurological consultation 21,23–26. However, there is evidence that motor fluctuation estimates 
from wearable PD monitoring systems correlate better with longer term clinical metrics over time 
windows of days rather than hours 21,27. There is a notable difference between these longer time 
windows, yielding good correlations with clinical gold standards or being applied in validation 
protocols, and the smaller time windows being described in development studies 19,21,28–30. 
Whether rapid and dynamic motor fluctuation decoding using wearable accelerometer data can 
be accurate enough to serve fine grained precision medicine needed for dynamic optimization of 
closed loop therapy systems remains to be determined.  
Previously reported motor decoding systems have been typically trained on group data. However, 
using these group level classification models, personalized motion sensor algorithms have been 
suggested to have the potential to improve individualized PD management and monitoring 20,31.  
 
Here, we investigate the performance of machine learning classification models identifying rapid 
(on a minute level), medication-induced wearing-off motor fluctuations in PD patients. The 



 

 
 
 
 
 

classification models are trained on unconstrained naturalistic (at home) motion data derived 
from a wrist-worn accelerometer. Classification models based on individual data are compared 
with models based on group data. Before these predictive classification models are tested, long 
term statistical differences are investigated between the pre- and post-medication recordings at 
the group level. Further, we analyse the influence of the amount of training data, and the length 
of analysed accelerometer data epochs (time window lengths), on classification results. We 
focused symptom decoding on bradykinesia since this cardinal feature of PD 1,32 has been found 
to be more challenging to detect with motion sensors than tremor or dyskinesia, likely due to 
higher distributional kinematic overlap with normal movements 18,33–35. 
 
We hypothesize that individualized motion classification models in PD would demonstrate more 
reliable short-term classification of naturalistic bradykinesia fluctuations compared to group 
models. 

 
Figure 1: Motion based Parkinsonian 
motor fluctuation detection workflows.  
A: From center left: Bilaterally wrist 
motion-sensors (Gait Up Physilog 4, Gait Up 
SA, CH) are worn by the patient (green 
circled) and continuously collected tri-axial 
accelerometer data (top left) from the body 
side with the severest bradykinesia 
fluctuation are analyzed. For each ‘feature 
window’ (win 0, win 1, etc), a number of (M) 
features from the temporal and spectral 
domain (Table S1) are extracted from the 
raw accelerometry (acc) data. This results in 
a data set of M columns (features) and N 
rows (N feature windows), with each row 
providing all M feature values calculated 
per feature window (win) (top center). In 
the training phases, the true labels (*) are 
included in the analysis and represent the 
true medication states. In the test phases, 
only the feature values are included, the 
true labels are unknown, and the previously 
trained model (top right) predicts a 
medication state for each feature window 
(center right) which can then be compared 
with the true labels to determine the 
performance. The shaded bottom area (**) 
represents a potential therapeutic closed-
loop, in which the generated predictions 
result in therapy changes, and influence the 
present clinical state of the patient (center 
left). 
B: Workflow to train and test individual and 
group models. Identical features were 
extracted from the raw accelerometer data 
(grey symbols) for every individual 



 

 
 

 
 
 
 

participant. For the individually trained models (blue), the features from 80% of a participant’s epochs were 
used in the training phase (y-axis). The trained individual model was tested with the remaining, unused, 20% 
of epochs during the test phase. The arrows (*) from test phase to training phase represent the multiple cross-
validation folds applied to train and test the individual models on different selections of training and test data. 
For the group models (yellow), each participant was tested in turn, with data from the other 19 participants 
used in the training phase.  
 
Results 
 
Study population and recorded data 
20 PD patients from the Parkinson@Home data repository 36 were included in this study. The 
Parkinson@Home study recorded accelerometer data in two medication-states, while PD patients 
were encouraged to perform an hour of their unconstrained activities in their own homes. MDS-
UPDRS III scores were assessed right before the recordings by trained physicians directly in the 
patients’ homes. The first MDS-UPDRS assessment took place in the dopaminergic deprived state 
(pre-medication), and the second assessment after patients experienced the full effect of their 
usual dopaminergic medication (post-medication). We included PD patients who showed an 
improvement (larger than 0) in the sum of unilateral MDS-UPDRS III items representing upper 
extremity bradykinesia, in at least one body side (see Methods section). Wrist-accelerometer data 
only from the side with the largest unilateral upper extremity bradykinesia improvement were 
included for feature extraction and classification analyses (see Figure 1).  
 
Demographic and disease specific characteristics are presented in Table 1. In total, 3138 minutes 
of accelerometer data were recorded in the 20 included patients. After balancing the data sets 
for medication status, 2380 minutes of accelerometer data were included. On average 59.5 (+/- 
14.3) minutes of accelerometer data from both pre- and post-medication recordings were 
included per participant. We extracted multiple features which are described in the current 
literature to represent bradykinesia in naturalistic wrist-accelerometer recordings (see Table S1 
for details and references). In total, 103 motion accelerometer features were extracted for every 
feature window, describing both temporal and spectral domain characteristics.  
 

Characteristics  
Total number (% female) 20 (60%) 
Age (years, mean (sd)) 63.4 (6.4) 
Accelerometer data per medication state (minutes, mean 
(sd)) 

59.5 (14.3) 

Accelerometer data per medication state, after activity 
filtering (minutes, mean (sd)) 

44.5 (13.9) 

PD duration (years, mean (sd)) 8.1 (3.5) 
Levodopa equivalent daily dosage (milligrams, mean (sd)) 959 (314) 
MDS-UPDRS III pre-medication 
MDS-UPDRS III post-medication 

43.8 (11.6) 
 
27.1 (9.6) 

MDS-UPDRS fluctuations* 
- Total score part III change 
- Hand bradykinesia 
- Body bradykinesia 

 
16.7 (8.6) 
3.9 (2.0) 
0.9 (0.6) 



 

 
 
 
 
 

- Leg bradykinesia 
- Hand Tremor 
- Gait 
- Posture  
- Facial expression 
 

0.9 (3.1) 
2.1 (2.3) 
1.0 (1.0) 
0.5 (1.1) 
1.2 (0.9) 

*: fluctuation in (sub-)score between pre- and post-medication recording. 
Table 1: Demographic and disease specific characteristics of patient population 

 
Figure 2: Distributions of 
individual means for four 
main movement features. 
Colored dots represent 
individual mean feature values 
during post-medication 
recording. Individual post-
medication mean values are 
standardised using the 
individual pre-medication 
recordings as a reference. The 
red asterix indicates a 
significant difference on group 
level between mean 
coefficient of variations of pre- 
and post-medication means 

(alpha=0.05, MANOVA and post-hoc analysis, FDR corrected). † = one positive outlier (1.7) not visualized. 
 
Group level statistical analysis of cardinal motion features across medication states  
First, we compared pre- and post-medication accelerometer recordings at the group level using 
four accelerometer features which represent the commonly used motion features implemented 
in naturalistic bradykinesia signal processing (maximum acceleration magnitude, coefficient of 
variation of acceleration magnitude, root mean square of acceleration, and spectral power (below 
4 Hz)) 18,37. The individual mean values per whole medication-state recording were compared at 
the group level. 
 
The pre- and post-medication recordings significantly differed at the group level based on the 
individual mean values of the four main accelerometer-features (MANOVA, Wilk’s lamba = 0.389, 
F-value = 14.2, p < 0.001). Post-hoc repeated measures ANOVAs demonstrated that only the 
individual coefficient of variation averages significantly differed between pre- and post-
medication states (p = 0.0042) (figure 2). The coefficient of variation (calculated from the absolute 
tri-axial signal vector) holds the strongest potential to distinguish medication states using longer 
term accelerometer data at the group level.  
 
Machine learning classification of short window medication states  
Next, to test classification performance over short time windows (60 second accelerometer 
feature windows), support vector (SV) and random forest (RF) machine learning models were 
applied. To tailor the classification models to different activity levels, we repeated all analysis 
including an activity filter (see Methods section). First, the same four cardinal features were 
included in analysis, and thereafter the full feature set. The medication state classification based 



 

 
 

 
 
 
 

on the previously selected four motion features (using SV and RF models, trained with group and 
individual data) led in most participants to low AUC scores (means per model ranged between 
0.49 and 0.64) and low accuracies (means per model ranged between 49% and 60%) (see table S2 
for detailed results).  
Classification analyses based on the full feature sets (103 features), led to higher AUC scores and 
classification accuracies per model, and per participant (table S2, and figures S3AB), regardless of 
SV or RF model, or trained with group or individual data. Mean AUC scores per model ranged 
between 0.65 and 0.70, and mean accuracies per model ranged between 60% and 65% (table S2). 
Most participants yielded AUC scores and accuracies significantly better than chance level (17 out 
of 20 participants per model), tested through random surrogate dataset generation.  
 
The best individual and group models together, classified medication states per 60 seconds 
significantly better than chance level in 90% of participants (18 out of 20) (figure 3 and table S2). 
In 12 participants AUC scores were statistically significantly higher than classification based on our 
surrogate dataset for both individual and group models, 5 only for group models, and 1 only for 
the individual model (figure 3). Both individual and group models resulted in mean AUC scores of 
0.70 (+/- respectively 0.18 and 0.10), and mean accuracies of respectively 65% (+/- 0.14) and 64% 
(+/- 0.08) over all 20 participants (figure 3, table S2). A trend of additional value of individualized 
model training could be seen at an individual level when the participants not exceeding chance 
levels were disregarded. Half of the participants (10 out of 20) benefited from individual model 
training with a higher AUC score than for their group model. Notably, the individual models 
resulted in several participants with AUC scores below chance level (figure 3).  
These findings confirm the feasibility to differentiate between rapid, short-term, naturalistic 
medication states based on accelerometer recordings. No statistically significant difference was 
seen between models trained with individual and group data. To improve insights in which 
methods drive rapid, dynamic motor fluctuation classification, we analysed the applied 
methodologies in detail.  

Figure 3: Classification of medication induced motor fluctuations on short accelerometer time windows in 
individual participants. The first pair of bars represents the mean area under the curve (AUC) score over the 
twenty participants. Each subsequent pair of bars (002 to 090) represents the AUC scores from one 
participant. The blue bars represent the AUC score for the individual model, and the yellow bars represent 



 

 
 
 
 
 

the group model. Note that for the individual models, AUC scores are the averages over the multiple cross-
validation folds within a participant (figure 1B). The asterisks indicate whether the corresponding AUC score 
was significantly better than chance level (5000-repetitions permutation test). Both models have equal mean 
AUC scores. It is notable that the majority (18 out of 20 of participants) has at least one significant score. Half 
of the participants yielded a higher AUC score with the individual model than with the group model.  
 
Optimal methodological approaches for short window medication states classification 
To understand which methodological approaches yielded best performance, we explored the 
differences between individual and group trained models and the effect of an activity filter in 
detail and investigated optimal training data sizes and feature window lengths (see Methods 
section below).  
Due to the classification superiority of models (for 60 seconds feature windows) using 103 
features (compared to 4 feature models), only models using 103 features are explicitly analysed 
going forward (AUC p-values < 0.002, accuracy p-values < 0.020, significance tested via a 5000-
permutation test described in supplementary figure 3AB). SV individual models resulted in higher 
AUC scores and accuracies than RF individual models in 15 out of 20 patients (figure S3C, p = 
0.009). SV and RF group models yielded similar AUC scores and accuracies (figure S3D, p = 0.406). 
Overall, applying the activity filter led to slightly better mean results per model (table S2). On an 
individual level, there was no significant difference between classification performance with or 
without activity filtering (figure S3EF, p-values ranged between 0.06 and 0.41). However, it was 
noted that there was a trend towards higher individual predictive performance with activity 
filtering. 
 
Classification performance of bradykinesia focussed motor fluctuations and co-occurring tremor 
To ensure that the described predictive performance did not rely on co-occurring tremor 
fluctuations (despite the bandwidth-filtering of tremor frequencies; see Methods section), we 
explored the relation between SV classification performance and clinical bradykinesia and tremor 
fluctuation. At a group level, both bradykinesia and tremor fluctuations (unilateral upper 
extremity MDS-UPDRS sub items, see Methods) correlated not significantly, but weakly with AUC 
scores in the individually trained models (bradykinesia spearman r = 0.24 (p = .305), tremor 
spearman r = 0.34 (p = .140). The AUC scores for the group models did not show a relevant 
correlation with bradykinesia or tremor fluctuations (spearman r’s respectively = 0.01 (p = .962) 
and 0.11 (p = .642)). Similar low correlations were found for the accuracy scores and the clinical 
fluctuations (table S3). At an individual level, we found significant AUC scores in participants with 
(13, 24, and 79) and without (39, 51, and 58) tremor fluctuations (figure S4). Individual predictive 
performance is found not to be proportional to the size of tremor fluctuations, which suggests 
feasibility for non-tremor dominant PD patients. 
 
Influence of training data size and feature window length  
We next sought to determine the number of patients needed to train a group level model with 
good classification performance. We found an increase in the predictive performance (AUC) of 
the group models as the number of patient datasets used during model training was increased 
(figure 4A). The mean AUC showed the steepest increase while increasing the amount of patients 
included in training data towards 10 subjects. Afterwards the increase in mean AUC flattened 
towards 19 included participants.  
Next we also wanted to investigate the impact of the accelerometer data feature window length 
on the predictive performance of the group models. Increasing the length of the feature windows 



 

 
 

 
 
 
 

up to 300 seconds improved the mean AUC (figure 4B). Due to data size limitations, the feature 
windows were not expanded further than 300 seconds. These analyses could not be reproduced 
for the individual models due to data size limitations. 
 

 
Figure 4: Increasing number of 
training patients and long window 
duration improves classification 
performance.  
A: Group models are trained for every 
patient with a varying number of 
included training data, (x-axis). On the 
y-axis, the AUC is shown for both SV 
and RF models, both included activity 
filtering. An increase in AUC is seen for 
SV and RF models parallel to an 
increase in included training patients.  
B: Group models are trained for every 
patient with various feature window 
lengths (x-axis). On the y-axis, the AUC 
of the SV and RF models are visualized. 
Due to the longer feature window 
lengths, we did not apply the activity 
filter in this sub-analysis to deal with 
data size limitations. Larger window 
lengths up to 300 seconds increased 
classification performance, while 
smaller window lengths decrease 
classification performance. 
AUC: area under the receiver operator 
characteristic; SV: support vector 
classifier; RF: random forest classifier. 

 
Discussion 
Our results demonstrate that rapid dynamic classification of medication induced bradykinesia is 
possible in PD patients at the single minute timescale using a wrist worn accelerometer. Using a 
large number of accelerometer motion metrics aimed for naturalistic bradykinesia differentiation 
and machine learning, we demonstrated statistically significant classification of medication states 
could be achieved in 90% of participants (18 out of 20) using either the group model or the 
individual model (figure 3). Using only a single input feature we found a significantly increased 
coefficient of variation of accelerometer amplitude using longer time scales of data (~60 mins) 
(figure 2). The hypothesized additional value of individualized model training to classify short-
term, naturalistic motor fluctuations was not found as both individual and group models resulted 
in a mean AUC of 0.70 (figure 3, table S2). Expansion of the duration of accelerometer features in 
the group trained classification models up to 300 seconds, as well as inclusion of more patients in 
the training data, may facilitate improvement of rapid dynamic motor fluctuation detection 
(figure 4). 
 



 

 
 
 
 
 

Clinical relevance of rapid dynamic motor fluctuations detection  
Naturalistic PD monitoring systems evaluated over sustained time windows have been proposed 
to augment neurological consultation 20,21,23 and improve pharmacological trial assessments 11,38. 
Further suggested naturalistic PD monitor implementations include real-time feedback 22, such as 
medication adjustment or adaptive deep brain stimulation evaluation 39–41, or programming 42. 
Implementation of wearable monitoring for long-term clinical evaluation versus short-term 
closed-loop therapy support will most likely require wearable monitor systems validated at 
different time scales. Therefore, separate development and validation studies are required per 
specific intended clinical utilization. By doing so, the questioned limits of temporal resolution in 
naturalistic PD motor monitoring will also be further clarified 10,12,43. We here show that rapid 
classification of clinical bradykinesia states is possible using group level models with the potential 
to inform and benefit rapid, closed-loop, approaches to therapy adjustment.  
 
The hypothesized additional value of individual model training 
At a group level, individual model training did not lead to higher mean predictive performance. At 
an individual level, individual model training did lead to both higher and lower AUC scores (figure 
3). This may be explained by the smaller size of training data in the individual trained models 
compared to the group trained models (figure 1B). These results neither indicate superiority, nor 
inferiority of individualized models with our current dataset. Therefore, replication of individually 
trained models using more data per subject is indicated. We predict that increasing training data 
included in individual model training will result in classification superiority of individual models. 
Currently it is not known at which amount of training data this will occur.  
Increasing individual training data sets does not only increase the total amount of training, it also 
allows for the application of larger feature windows which will likely increase classification 
performance as well (figure 4) 34,44. The expansion of the feature window length has to be weighed 
against the time window required for a desired real-time clinical application. 
 
Challenges towards clinically impactful naturalistic PD motor monitoring 
The here presented findings focussed, besides on individual data analysis, on the temporal scale 
of data analysis (feature window length), and on the temporal scale of generated outcome 
(aggregation of multiple output values towards clinically meaningful value). Both relate to a major 
challenge in naturalistic PD monitoring, which is choosing a gold standard for model development 
and validation. Since naturalistic PD monitoring aims to identify continuous fluctuations in 
symptom severity, a repetitive gold standard, feasible and valid in the naturalistic real-life 
situation, is needed. Ideally, it discriminates motor symptoms more detailed than the extreme 
pre- versus post-medication states. Scientists have tried to overcome this challenge by analysing 
the clinical effect on neurological decision making of long-term, multi-day monitoring 24,29, or by 
aggregating and generalizing data of multiple months into average day and week curves and 
comparing these with a clinician’s overall impression of the patient’s fluctuation pattern 21. Also, 
PD specific eDiaries are suggested to collect momentary patient experiences which can be used 
as gold standard, after validation of the specific eDiary 45–48. Currently, no ideal solution is 
available, and we support such creative solutions, as the short-term scores reasonably correlate 
with available (different time-scaled) gold standards, and the long-term application considers 
clinical utilization and impact 43. Reason to not expect perfect correlations between novel PD 
monitor systems and established rating scales may be their potential superiority 10,13. ‘Gold 
standards are constantly challenged and superseded when appropriate’ 49.  



 

 
 

 
 
 
 

 
A second major challenge is to design and implement wearable PD monitor models with high 
predictive performance, without losing generalization to real world situations due to the use of 
highly constrained, artificial movement sets 11,50. Our models’ numerical predictive performance 
is at least comparable with the majority of available PD monitoring models focussed on 
bradykinesia or hypokinesia 18,22,33,35. Models reporting higher predictive performance applied for 
example stricter gait detection 20, or collected data during constrained experimental protocols 18. 
However, it should be noted that differences in temporal epochs of training and testing between 
our study (short duration) and other commercial devices (long duration) make direct comparison 
challenging 18–21. Lower predictive performance and higher inter-individual variation in 
performance are known challenges of unconstrained activities during data collection 34,37. This is 
explained by the higher variance in captured activities in training and test data, and the 
subsequent aggregation of different activity classes, such as walking and gross and fine motor 
tasks, that are known to perform differently in classification models 20,34. An open-source, 
naturalistic activity classifier which standardizes naturalistic activity classification, can be a next 
step towards better symptom detection without losing real-world generalizability.  
 
When a model is able to generate valid symptom severities (either short or long term), a next 
challenge of combining and interpreting these scores has to be overcome. First, to provide 
evidence that our models detected bradykinesia rather than simply labelled periods as 
bradykinetic due to presence of tremor signals, we explored the dependence on the relationship 
between our bradykinesia classification with tremor. At a group level, individual tremor and 
bradykinesia fluctuations correlated similarly with individual classification results (table S3). At an 
individual level, both participants with and without tremor fluctuations demonstrated good 
bradykinesia classification results (figure S4). This supports our hypothesis that bradykinesia 
related motor fluctuation detection is feasible independently from tremor. Next, future 
development and validation of naturalistic PD monitor systems should provide clear instructions 
for clinicians how to interpret and implement a model in clinical practice, rather than only 
reporting predictive performance. This translation, from (several) numerical output values to 
results or recommendations understandable for a clinician, will be essential to realize clinical 
impact in the future 43,51. 
  
Future scientific opportunities to improve naturalistic PD monitoring development  
First, we predict that the coming expansion of real-world motion data sets, containing long-term 
data over weeks to years in patients with PD, will support optimization of individually trained 
models 52. These larger datasets will also allow the exploration of alternative, more data-
dependent, computational analyses such as deep reinforcement learning and neural networks 
including long short-term memory 34,53. Moreover, unsupervised models could also be explored 
to overcome the previously discussed gold standard dilemma by surpassing the need of long-term, 
repetitive, true labels 11,54. For unsupervised model development, the potential of the coefficient 
of variation of wrist acceleration might be of value to differentiate bradykinetic motor fluctuations 
(figure 3). Interestingly, the coefficient of variation of neural beta signals have also been shown 
to be discriminative for motor state in PD 55. 
Second, open-source research initiatives should catalyse the development of naturalistic PD 
monitor models which are not dependent on proprietary software 10,37. The Mobilize-D 



 

 
 
 
 
 

consortium for example, introduced a roadmap to standardize and structure naturalistic PD 
monitoring by creating specific ‘unified digital mobility outcomes’ 56,57. During the development 
of these outcomes, features describing distribution ranges and extreme values, rather than means 
or medians, should be considered 11. Parallel to open-source initiatives, other creative 
collaborations between industry and academia such as data-challenges might offer valuable 
(interdisciplinary) cross-fertilization 58. 
Further, adding more limb sensors to improve naturalistic PD monitoring is controversial. 
Although good results are reported with combined wrist and ankle sensors 59, additional limb 
sensors are not felt likely to improve performance according to others 34,60,61. The additional value 
of smart insoles for naturalistic PD monitoring is not yet described, and might play a role in the 
future 62.  
 
Limitations 
Our study was limited most by the individual data set sizes, which restricted inferences that could 
be made regarding models trained with individual versus group data. Also, individual differences 
in movement quality and quantity during the unconstrained pre- and post-medication recordings 
likely led to unbalanced datasets in terms of captured activities during the two medication states. 
This imbalance compromises pattern recognition based data analysis 34. The latter limitation is 
inherent to naturalistic PD monitoring 18, and exploring the boundaries of this limitation is 
essential for future PD monitor applications. Replication of our methodologies in larger data sets, 
and inclusion of validated activity classifiers may contribute to overcoming this limitation. 
 
Conclusion 
We here demonstrate that naturalistic, short-term, bradykinesia fluctuation monitoring at the 
minute time scale is feasible in PD patients using a wrist-worn accelerometer and group or 
individually trained machine learning models. Bradykinesia classification improved with the 
increasing window length of accelerometer data tested and with the number of patients trained 
in the group model.  
Individually trained models were equivalent to group trained models in terms of classification 
performance despite the small training dataset and unconstrained motor activities. This suggests 
that rapid, dynamic PD motor monitoring has important clinical potential for closed loop 
medication and therapy adjustments. Rapid short-term PD monitoring is subject to different 
conceptual challenges than longer-term PD monitoring, which should be addressed in model 
development and validation studies. 
 
 
  



 

 
 

 
 
 
 

Methods  
 
Study sample 
We have used data from the Parkinson@Home validation study 36. Detailed descriptions of the study’s 
protocol and feasibility have been described earlier 63,64. In brief, the study recruited 25 patients diagnosed 
with PD by a movement disorders neurologist who were all undergoing treatment with oral levodopa therapy. 
All participants had wearing-off motor fluctuations (MDS-UPDRS part IV item 4.3 ≥1) and at least slight 
Parkinson-related gait impairments (MDS-UPDRS part II item 2.12 ≥1 and/or item 2.13 ≥1). Participants who 
were treated with advanced therapies (DBS or infusion therapies) or who suffered significant psychiatric or 
cognitive impairments which hindered completion of the study protocol were excluded. 
 
For the current subset of PD patients, we excluded three participants who did not show a levodopa-induced 
improvement in unilateral upper extremity bradykinesia, on both sides (equal or less than zero points). 
Unilateral upper extremity bradykinesia was defined as the sum of MDS-UPDRS part III items 3c, 4b, 5b, and 
6b for the left side, and items 3b, 4a, 5a, and 6a for the right side. Sum scores from medication on-states were 
compared with sum scores from medication off-states. For each included participant, only data from the side 
with the largest clinical change in upper extremity bradykinesia sub items were included. Two participants 
were excluded because there was less than 40 minutes of accelerometer data available from their pre- or 
post-medication recording.  
 
The study protocol was approved by the local medical ethics committee (Commissie Mensgebonden 
Onderzoek, region Arnhem-Nijmegen, file number 2016-1776). All participants received verbal and written 
information about the study protocol and signed a consent form prior to participation, in line with the 
Declaration of Helsinki. The de-identified dataset will be made available to the scientific community by the 
Michael J Fox Foundation. 
 
Data were recorded via bilateral wrist-worn wearable devices (Gait Up Physilog 4, Gait Up SA, CH). For our 
current analysis, only unilateral tri-axial accelerometer data were analysed. Data recording was performed at 
the participants’ homes. Recordings consisted of two sessions which took place on the same day. First, the 
pre-medication recording was performed in the morning after overnight withdrawal of dopaminergic 
medication. Second, the post-medication recording was performed when the participants experienced the full 
clinical effect after intake of their regular dopaminergic medication. During both recordings, participants 
performed an hour of unconstrained activities within and around their houses. At the start of both recordings, 
a formal MDS-UPDRS III was conducted by a trained clinician.  
 
Data pre-processing and feature extraction 
Accelerometer data were sampled at 200 Hz and down sampled to a uniform sampling rate of 120 Hertz (Hz) 
using piecewise cubic interpolation. The effect of gravity was removed from each of the three time series (x-, 
y-, and z-axes) separately, by applying a ‘l1-trend filter’ designed to analyse time-series with an underlying 
piecewise linear trend 65. Time series were low-pass filtered at 3.5 Hz to attenuate frequencies typically 
associated with Parkinsonian tremor in accelerometer time series 66. In addition to the three individual 
accelerometer time series, we computed a composite time series containing the vector magnitude of the 
three individual accelerometer axes [𝑥! 	+ 	𝑦! 	+ 	𝑧!]. 
Multiple features previously shown to correlate with bradykinesia were extracted from the four time-series 
(x, y, z, and vector magnitude) (see extensive overview including references in table S1). The features included 
characteristics from the temporal domain, such as extreme values, variances, jerkiness, number of peaks, and 
root mean squares, and the spectral domain, such as spectral power in specific frequency ranges, and 
dominant frequencies. The standard window length of analysis for each extracted feature was set as 60 
seconds, meaning one value per feature was extracted per time series over every 60 seconds of data. To 
explore the influence of varying window lengths (3, 10, 30, 90, 120, 150, and 300 seconds), separate feature 
sets were extracted for each sub analysis. The resulting individual feature sets were balanced for medication-



 

 
 
 
 
 

status. Per participant, the surplus of minutes of available data in the longest recording (pre- or post-
medication) were discarded at the end of the longest recording. This led to equal numbers of minutes of data, 
and thus features, from pre- and post-medication recordings per participant. Features were standardised 
individually, by extracting the mean of only the pre-medication features from a value, and dividing the result 
by the standard deviation of only the pre-medication recordings 67.  
 
Descriptive statistics and analysis of variance 
The demographic and disease characteristics of the included participants are described in Table 1. Unilateral 
scores are provided only for the side of which accelerometer data is included. To first test statistical 
distinguishability of the pre- and post-medication recordings on a group, before using the entire dataset as an 
input, four main accelerometer features were chosen a priori. These four features covered the most often 
used domains of motion metrics applied for naturalistic bradykinesia monitoring (maximum acceleration, 
coefficient of variation of acceleration over time, root mean square of acceleration over time, and the total 
spectral power below 4 Hz) 18,37, and were extracted from the vector magnitude time series. Individual 
averages of each of the four features over the entire dataset (~60 minutes per condition) were analysed for 
statistically significant differences between the medication states with a multivariate analysis of variance (M-
ANOVA). Post-hoc repeated measures ANOVA were performed to explore which feature(s) contributed to the 
pre- versus post-medication difference. An alpha-level of 0.05 was implemented and multiple comparison 
correction was performed using the false discovery rate (FDR) method described by Benjamini and Hochberg 
68. 
 
Classification of medication states - Individually trained and group trained models 
Supervised classification analyses were performed to test whether differentiation between short-term pre- 
and post-medication was feasible, based on 60-second accelerometer features (figure 1). First, this was tested 
using the four previously mentioned features extracted from the vector magnitude signal, afterwards the 
feature set was expanded to include all described features, as well as the x, y, z time series (table S1). Analyses 
were performed using a support vector machine (SV) and a random forest (RF) classifier. Classification models 
trained on individual data and models trained on group data were then compared (figure 1B). For individually 
trained models, 80% of a participant’s total data was used as training data, and 20% as test data. Both were 
balanced for pre- and post-medication data (figure S1). Small blocks (2%) of training data which neighboured 
the test data were discarded (figure S1). This was done to decrease the temporal dependence between 
training and test data. To prevent bias caused by the selected block of test data, a 41-fold cross-validation was 
performed. Each fold used different blocks as test data (figure S2). 
For group trained models, a leave one out cross-validation was performed. For every participant, a model was 
trained based on all data (balanced for medication status) from the remaining 19 participants and tested on 
all data (balanced for medication status) of the specific participant (figure 1B). To assess all models, the area 
under the receiver operator curve (AUC) and the classification accuracy were calculated as predictive metrics. 
For the individual models, individual classification outcomes were averaged over the 41 folds.  
Permutation tests with 5000 repetitions were performed to test statistical significance for both individual and 
group trained models. The 95th percentile of permutation scores was taken as significance threshold (alpha = 
0.05), and FDR multiple comparison corrections were performed 68. 
 
Activity filtering 
The reported analyses were repeated after removing data windows without movement activity. To identify 
data windows that do not contain any motion activity, different methodologies of activity filtering are 
described in PD monitoring literature 9,37,69. We applied an activity filter which classified every 60 seconds 
window with a coefficient of variation of the vector magnitude less than 0.3 as ‘no activity’ and discarded 
them from analysis (figure S2). The choice of selected feature is based on previous work }37, and the threshold 
is chosen pragmatically by group-level observations of video-annotated sections identified as non-active 36. 
The activity-filtered data sets were individually balanced for medication-states. For example, if a participant’s 
data set resulted in 50 ‘active’ minutes pre-medication, and only 45 ‘active’ minutes post-medication, the 
surplus of features from 5 ‘active’ minutes pre-medication were discarded at the end of the data set. On 



 

 
 

 
 
 
 

average, 44.5 minutes (+/- 13.9 minutes) of features were included after applying the activity filter and 
balancing the individual data to include equal individual features per medication state (Table 1). 
 
The influence of training data size, and feature window lengths 
To test the impact of the size of the training set in the group models, the training phases were repeated with 
varying numbers of participants included in the training data (figure 4). As in the original group model analysis, 
the test data consisted of all data from one participant. The number of training data participants varied 
between 1 and 19. To prevent selection bias in the selection of the training participants, the analyses were 
repeated five times per number of included training participants, with different random selections of training 
participants. Individual models were excluded from this analysis. 
To analyse the influence of feature window lengths, we repeated the group model analysis with features 
extracted from data windows of 3, 10, 30, 90, 120, 150, and 300 seconds duration (figure 4). For every analysis, 
one participant was selected as test participant, and the other 19 were training participants. This was repeated 
for all subjects and the average results over 20 test participants were reported. This was performed at the 
group level modelling only, as individual models were limited by total available data size. 
 
Comparing two models’ predictive performance 
Equality plots were drawn to compare the predictive performance between two models (figure S3). For 
example, model A led to better results in 14 out of 20 participants than model B. Permutation tests plotted 
20 random dots on an equality plot and tested whether the permuted distribution generated 14 or more dots 
(out of 20) above the equality line. This was repeated 5000 times, and the probability that the distribution ‘14 
out of 20’ was the result of chance was determined. 
 
Predictive performance and clinical assessed symptom fluctuations 
The influence of clinical bradykinesia and tremor fluctuations on predictive performance was tested at a group 
level by Spearman R correlations between the fluctuation in individual bradykinesia and tremor sub scores, 
and the predictive performance (table S3). Individual participants were visualized according to descending 
tremor fluctuation ratings to enable visual comparison of predictive performance with and without co-
occurring tremor fluctuation (figure S4). The tremor scores consisted of the MDS-UPDRS III items representing 
unilateral upper extremity tremor (items 15b, 16b, and 17b for the left side, and items 15a, 16a, and 17a for 
the right side). 
 
Software 
Raw acceleration time series were down sampled and filtered (for gravity effects) in Matlab. All further pre-
processing, feature extraction, and analysis was performed in Jupyter Notebook (Python 3.7). The code used 
to extract features and analyse data is available at www.github.com/jgvhabets/brady_reallife/ 70. 
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Supplementary Material  
Feature name Source/ literature 
Temporal domain  
Maximum acc 71 
Interquartile range of acc 71 
90th percentile of acc 72 
median of acc 69,73 
mean of acc 69,73 
standard deviation of acc 33 
variance of acc 33 
coefficient of variation 33 
acceleration range 37 
low acc peaks (n) 74 
high acc peaks (n) 74 
time spent above 1g acc (%) 69,75 
acc entropy 34,37 
jerkiness ratio/ smoothness 34,37 
root mean square (RMS) 37 
Ratio of x/y/z-RMS compared to vector magnitude-RMS 76 
Axial cross-correlation (X-Y; (X-Z,; Y-Z) 34,37 
  
Spectral domain  
spectral power < 3.5 Hz 36,71 
spectral power 0.7 < 1.4 Hz 36,71 
spectral power 1.4 < 2.8 Hz 36,71 
spectral power 2.8 < 3.5 Hz 36,71 
spectral flatness 37 
spectral entropy 37 
spectral variance 74,77 
spectral smoothness 74 
spectral low/high peaks 74 
Dominant frequency magnitude 34,37 
Dominant frequency ratio 37 
Dominant frequency flatness 37 
Dominant frequency entropy 37 

Table S1: Extracted features over x-, y-, z-, axes, and signal vector magnitude time-series. 
 
Figure S1: Schematic visualization of 
data splitting method for individual 
models. Pre- and post-medication 
features were balanced in number. ⅕ 
of pre-medication data, and ⅕ of 
post-medication data, 20% of total 
data, were selected as ‘hold-out’ 
validation data for the test phase. 
From the remaining 80%, the 2 
adjacent percentages of data were 
not included in the training data, to 
decrease the temporal dependence 
of the training and test data. Folds 1, 
2, 3, 18, 32, 40, and 41 are shown as 
an example.  



 

 
 

 
 
 
 

 
Figure S2: Visualization of activity filter performance versus the parallel raw signal vector magnitude. 
ACT(+): activity filter indicated activity, ACT(+): activity filter indicated no activity. Pt: participant. 
 
 
  



 

 
 
 
 
 

 
     All features All features   4 features 4 features 
CLASSIFIER  n=20, mean 

(sd) 
All minutes Activity 

filtered 
  All minutes Activity 

filtered 
SUPPORT 
VECTOR 

INDIVIDUAL 
MODEL 

auc 0.682 
(0.15) 

0.696 
(0.18) 

  0.499 (0.12) 0.533 
(0.16) 

    auroc, n sign  16 13    2  4  
    accuracy 0.632 

(0.12) 
0.651 
(0.14) 

  0.490 (0.11) 0.509 
(0.14) 

    accuracy, n 
sign 

 15  14    5  10 

                
  GROUP 

MODEL 
auroc 0.669 

(0.10) 
0.703 
(0.10) 

  0.590 (0.11) 0.633 
(0.13) 

    auroc, n sign  16  17   10   11 
    accuracy 0.624 

(0.09) 
0.640 
(0.08) 

  0.560 (0.11) 0.597 
(0.08) 

    accuracy, n 
sign 

 11 12     9 12  

                
RANDOM 
FOREST 

INDIVIDUAL 
MODEL 

auroc 0.649 
(0.13) 

0.656 
(0.17) 

  0.586 (0.12) 0.619 
(0.14) 

    auroc, n sign 15   10   6   11 
    accuracy 0.611 

(0.10) 
0.611 
(0.13) 

  0.558 (0.10) 0.588 
(0.11) 

    accuracy, n 
sign 

 13 10     8 7  

                
  GROUP 

MODEL 
auroc 0.661 

(0.10) 
0.698 
(0.11) 

  0.593 (0.11) 0.636 
(0.14) 

    auroc, n sign 12   16   10   10 
    accuracy 0.598 

(0.08) 
0.626 
(0.08) 

  0.564 (0.08) 0.587 
(0.08) 

    accuracy, n 
sign 

 12 12     6 7  

Table S2: Predictive performance of different models. All scores are group averages over twenty participants 
per model. Sd: standard deviation. 
 
  



 

 
 

 
 
 
 

Figure S3: Comparison of different classification model approaches. Equality plots comparing two models 
regarding individual area under the receiver operator characteristic (AUC) and accuracy. Each dotted line 
visualizes the line x = y, and represents equality of the two displayed models. SV: support vector classifier, RF: 
random forest classifier. 
The p-values throughout figure S3 indicate whether the ratio of patients that scored higher on model X versus 
model Y is statistically significant. We performed a 5000 permutation test where 20 dots (random x-value, 
random y-value) were randomly plotted in the equality plot. The p-values represent the chance that the 
distribution is better than random chance level.  
 

 
Figure S3A: Individual models: 4 versus 103 features. AUC: 17 out of 20 higher, p < 0.000, accuracy: 18 out of 
20 higher: p < 0.000 
 
 

 
Figure S3B: Group models: 4 versus 103 features. AUC: 16 out of 20 higher, p = 0.002, accuracy: 14 out of 20 
higher: p = 0.023 
 



 

 
 
 
 
 

 
Figure S3C: Individual models: SV versus RF classifiers. AUC: 15 out of 20 higher, p = 0.009, accuracy: 15 out 
of 20 higher: p = 0.009 
 

 
Figure S3D: Group models: SV versus RF classifiers. AUC: 10 out of 20 higher, p = 0.406, accuracy: 10 out of 
20 higher: p = 0.406 

 
Figure S3E: Individual SV models: with activity filtering versus without activity filtering. AUC in 10 out of 20 
higher, p = 0.406, accuracy in 13 out of 20 higher, p = 0.056. Note that both the AUC scores and the 
classification accuracies of the activity filtered models are mainly higher than those of the not filtered models, 
when all ‘none significant’ candidates are disregarded. We conclude that although there is no statistically 
significant superiority of the activity filtered models, there is a trend that activity filtered models lead to higher 
predictive performance. 



 

 
 

 
 
 
 

 

 
Figure S3F: Group SV models: with activity filtering versus without activity filtering. AUC in 13 out of 20 
higher, p = 0.056, accuracy in 11 out of 20 higher, p = 0.250. 
 

 
Figure S4: Good classification performance in patients with and without tremor 
Colored bars visualize the individual AUC scores from the best individual and the best group model (both 
support vector classifier, and activity filtered), and correspond to the left y-axis. Individual tremor fluctuations 
between pre- and post-medication correspond to the right y-axis. Tremor scores represent the described 
MDS-UPDRS III items for unilateral upper extremity tremor (see Methods). On the x-axis individual participants 
are sorted on tremor fluctuation, in descending order.  
Colored asterisks indicate statistical significance of the AUC score compared to chance level (alpha = 0.05, FDR 
corrected). The black dotted line indicates chance-level for the AUC scores. AUC: area under the receiver 
operator characteristic; FDR: false discovery rate, MDS-UPDRS: Movement Disorders Society - Unified 
Parkinson Disease Rating Scale. 
 

Table S3: Spearman R correlations between symptom fluctuation and predictive performance at an 
individual level. Spearman r correlations are calculated between the MDS-UPDRS tremor and bradykinesia 
fluctuation as described in the Methods, and the predictive performance per participant. Support vector 
models including activity filtering were compared for individual and group model comparisons.  

 Individual models, 
AUC 

Group models, 
AUC 

Individual models, 
accuracy 

Group models, 
accuracy 

Bradykinesia  
(r (p)) 

0.24 (p = 0.305) 0.01 (p = 0.962) 0.24 (p = 0.305) 0.18 (p = 0.452) 

Tremor (r (p)) 0.34 (p = 0.140) 0.11 (p = 0.642) 0.21 (p = 0.380) -0.06 (p = .807) 
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General discussion 

 
 



 

 
 
 
 
 

The aim of this thesis is to improve future deep brain stimulation (DBS) care for Parkinson patients 
via preoperative outcome prediction and real-life (naturalistic) symptom monitoring. In part A, 
we demonstrate a proof-of-principle of individual preoperative DBS outcome prediction. The 
development and external validation of the prediction model (chapters 2 and 3) can be part of 
the foundation of future clinical decision support systems (CDSS) for DBS care. In part B, we first 
explore how subjective experience sampling methods (ESM) can attribute to naturalistic 
Parkinson monitoring (chapters 5 to 8). Then we discuss the feasibility and possible optimization 
methodologies of naturalistic motor monitoring over short time windows based on wearable 
motion sensors. Finally, we will discuss the potential role of short-term naturalistic motor 
monitoring in adaptive DBS evaluation or programming. 
The clinical data science methodologies applied throughout this thesis can positively influence 
clinical DBS practice. To ensure this positive clinical impact 1, clinical expertise needs to guide the 
computational development and validation, and computational expertise needs to guide the 
clinical interpretation and implementation. Fortunately, specific guidelines are becoming 
available to help this multidisciplinary effort 2–4. We see it as a responsibility of the present 
generation clinical neuroscientists and scientifically engaged neurologists and neurosurgeons to 
bridge the gap between data scientists and clinicians and ensure the modern technological 
possibilities are translated in value for the patient.  
 
10.1 Creating individual preoperative STN DBS outcome prediction with DBS-PREDICT 
 
Development and external validation of DBS-PREDICT and remaining challenges 
Individual subthalamic nucleus (STN) DBS outcome prediction and preoperative identification of 
the suboptimal responding minority 5 is a topic of interest for nearly two decades 6. Machine 
learning driven prediction models try to find patterns to identify that patient population, which 
are not findable without these computational analyses. The proof-of-concept that these 
discriminating patterns are present in preoperative clinical variables, is described in chapter 2, 
and by Frizon et al 7. The created models generate individual outcome predictions based on 
individual clinical variables, in contrast to the existing literature which unravelled correlations 
between preoperative variables and outcome on a group level 8–10. In chapter 3 we demonstrated 
that the learned patterns of the machine learning model from chapter 2 (DBS-PREDICT) were able 
to identify the suboptimal responders in an external population, independent from the model 
development. Such an external validation is regarded as the gold standard for model evaluation 
and is necessary steps after model development 11. So far, no comparable external validation 
study of a preregistered outcome prediction model has been published in DBS care. Therefore, 
this work can be regarded as an important step towards an impactful clinical decision support 
system (CDSS) for individual outcome prediction in DBS care. Here, we will elaborate on essential 
remaining steps which we believe have to be taken before impactful clinical implementation can 
be realized.  
 
Finding an automated outcome definition 
One of the biggest challenges inherent to machine learning based DBS outcome prediction is 
finding a widely accepted, automated outcome definition. A quick look at some established 
effectivity studies for DBS in PD learns us that several measures are used (in different therapeutic 
states) such as (MDS) UPDRS total scores, (MDS) UPDRS sub scores, MDS UPDRS single item 
scores, QoL-scales, and levodopa equivalent daily dosage changes 5,12–15. Finding an outcome 



 

 
 

 
 
 
 

definition suitable for automated classification (or regression) therefore requires arbitrary choices 
on which outcome measures to include, which cut off thresholds to use, and how to combine 
these outcome measures. We argue that an outcome definition suitable for individual, automated 
DBS outcome prediction does not need to correlate perfectly with existing, single, outcome 
measures. It is of more importance that it correlates reasonably well, and that its clinical 
implementation will add clinical value to the patient’s care. 
In chapter 2 and 3, we defined binary outcome classes by applying literature-based cut off values 
for change in motor symptoms, adverse events, and daily life function (in optimal therapeutic 
condition). Although we aimed for a holistic definition, our approach can be disputed. Motor 
symptoms in medication-off condition also could have been considered, or specific symptom 
related (MDS) UPDRS single items, or QoL-scales. Moreover, we chose for a negative outcome 
(weak responder), where a positive outcome also would have been possible, albeit for a different 
clinical utilization (see next paragraph).  Concluding this, we argue that our outcome classification 
is sufficient to demonstrate proof-of-concept and to pave the way for the remaining scientific 
steps, especially given the data limitations inherent to retrospective (multicenter) cohorts.  
 
Creating a clinical utilization with optimal impact on STN-DBS care 
Generally, the trained machine learning on which a CDSS is build has to answer a specific clinical 
question in a specific population, but should be generalizable enough to work in external, 
comparable, populations (and violation of the latter is called ‘overfitting’). Following these 
principles, the exact clinical utilization of a CDSS has to be clear on the moment of development 
study design. Therefore, our work in chapters 2 and 3 is a valuable step towards clinically impactful 
CDSS for DBS care, both despite of and thanks to its limitations. 
We developed and validated DBS-PREDICT among a population who underwent STN DBS. Hence, 
the model cannot be applied on a population who is referred for multidisciplinary DBS 
consultation to detect potential strong or weak responder. It would require a new development 
study including all PD patients referred for DBS consultation, to create a CDSS machine learning 
model for this clinical question. Also, the clinical question can differ. Instead of detecting weak 
responders, as DBS-PREDICT does, a CDSS could detect strong responders. Besides training the 
model with a different outcome classification, this would have influences for the statistical 
interpretation of true and false positive and negative values. 
The latter interpretation can even differ within the same model development study, depending 
on the desired utilization in clinical practice. As explained in chapter 2 and 3 (see for example 
table 1 and figure 4 in chapter 3), the exact predictive performance of a specific scenarios 
(different probability thresholds) can have different clinical and socioeconomic effects 16. For 
example, chapter 3 describes strong negative (‘negative prediction’ is coded as ‘strong 
responder’) predictive values. These high predictive values of ‘strong response’ predictions (0.79 
to 0.84) could serve the following scenario. When a clinician is in doubt during clinical counselling, 
and DBS-PREDICT generates a strong response, this can reassure the clinician to include the 
patient for STN DBS. In case DBS-PREDICT generates a ‘weak response’ prediction, this will only 
be correct in 49% to 62% of the cases. The clinician will be extra warned to trust any gut feeling, 
and to explicitly discuss this with the patient and the multidisciplinary team.  
In any case, individual patient-preferences or -circumstances can influence the shared decision-
making process. The results and interpretations of CDSS outcomes should be translated 
meticulously to actually support the clinician and the patient in this crucial decision-making. 



 

 
 
 
 
 

Therefore, a model as DBS-PREDICT is intended to advice the clinician, rather than entirely 
overtake the decision-making process from the clinician.  
 
Demonstrating predictive validity in a prospective, observational, preregistered study 
To better understand the actual clinical impact of a CDSS on decision making in DBS care, we 
propose an observational prospective study without interference of current regular care. To 
ensure generalizability a preregistered multicenter study is desirable. This could be realized by 
providing an independent clinical expert without a role in the decision making with all patient 
information and the additional CDSS result and compare the therapeutic advice. This would 
provide information about the interaction between data driven CDSS, clinician and potentially 
even patient. This understanding of human (clinician) behaviour affected by CDSS will likely play 
an important in future CDSS development 4. Based on the prospective predictive performance of 
the model, and the results on clinical decision-making interaction, a clinical utilization with 
optimal clinical impact could be designed.  
Moreover, prospective data collection would enable the inclusion of lacking preoperative clinical 
predictors and postoperative outcome values. Also, our binary outcome classification can be 
validated against QoL-scores. The inclusion of additional preoperative clinical predictors can be 
considered, and models including and excluding these additional predictors can be compared. 
Additional data types can include kinematic data 17, structural imaging 18, connectivity imaging 19, 
preoperative neurophysiology 20, and genetic profiling 21. While making these decisions, the 
burden for the patient and the usability and generalizability of the CDSS has to be kept in mind.  
 
10.2 Lessons learned regarding individual DBS outcome prediction  
 
Considering the anticipated increasing role of data driven CDSS in neurological and neurosurgical 
practice 22, a thorough understanding of this new multidisciplinary field is relevant. Collaboration, 
communication and mutual understanding between clinicians and data scientists is essential to 
ensure clinical impact 16,23, and specific guidelines are available to support this effort 1,3,24.  
Especially given the complicated multifactorial, and partly unravelled, mechanisms of action in 
DBS 25, a structured scientific approach is necessary to realise CDSS-supported individual DBS 
outcome prediction. So far, the literature on individual outcome prediction in DBS care lacked this 
structured methodology, and consequently some important considerations were missing. We 
argue that every scientific work discussing individual DBS outcome prediction should consider the 
broader view on CDSS development and implementation, as discussed in the previous paragraphs.  
We believe our results and discussion can catalyse the individual outcome prediction 
development for DBS, and we are looking forward to seeing first results of prospective CDSS 
studies in DBS practice. We encourage all researchers in this field to publish their study protocols. 
As a transparent open-science attitude will improve scientific progress in this pioneering field 26.  
 
 
 
 
 
 
 
 



 

 
 

 
 
 
 

10.3 Naturalistic real-life Parkinson monitoring  
 
Experience sampling method (ESM) as part of naturalistic Parkinson monitoring  
This thesis explored the potential of ESM to improve naturalistic Parkinson monitoring. In chapter 
5, we demonstrated the feasibility of Parkinson monitoring combining motion sensors and 
smartphone-based ESM over two weeks. ESM completion rates and wearing time of the motion 
sensors were high, and participants reported to use the devices regularly if it would benefit their 
therapy management. Then, chapter 6 showed that the applied PD-specific ESM questionnaire 
resulted in valuable data regarding motor symptomatology and function. The negative 
correlations between symptom severity and motor functionality and positive correlation between 
symptom severity and off-medication support the questionnaire’s structural and internal validity. 
However, replication and validation of these results in a larger PD population with known 
fluctuations, including gold standard assessments, is indicated. Since there is no gold standard 
with a similar assessment frequency, pragmatic and creative study designs are required for this. 
ESM answers could be compared over a longer term with MDS-UPDRS scores from the same 
period of time for momentary validity. A comparison with Hauser diaries and medication intake 
moments could assess the validity of fluctuation detection over time. After such validation, ESM 
for PD could provide long-term monitoring for general neurological practice and pharmacological 
clinical trials 27. 
Similar validation studies can be done including validated psychiatric assessments to explore 
ESM’s clear potential for non-motor symptom monitoring. This might even contribute to 
psychiatric adverse effects monitoring after DBS 1. In general, real-life non-motor monitoring is 
lagging behind, parallel to the notorious neglect of non-motor symptoms in clinical PD practice 28.   
 
In order to catalyse PD research using ESM recordings with or without motion sensing recordings, 
we made the data discussed in chapters 5, 6, and 8, publicly available 29. Chapter 7 describes 
practical and conceptual details of the combined data set and provides an example how to 
combine and analyse the data. 
 
ESM to improve naturalistic motor symptom detection in PD 
Our findings from chapter 5, 6, and 8 suggest ESM can help to overcome the lack of a repetitive, 
ecological, gold standard assessment for motion sensor development and validation. Despite the 
many recent advances in naturalistic motor monitoring 30,31, most validation processes are 
criticised 32. Current best practices are the comparison of months of monitoring data with a 
clinician’s overall impression based on patient files 33, and the prospective comparison of patient 
outcomes after neurological out-patient clinic decision-making with and without additional multi-
day monitoring 34. Although these are valuable, creative examples how to overcome this 
challenge, the disputed within-day validity and short-term-validity remain unanswered 35.  
Therefore, we hypothesize that ESM has the potential to contribute to development and 
validation of naturalistic PD motor monitoring by yielding real-life ‘ground truth labels’ multiple 
times daily over substantial periods of time. Chapter 8 provides a n=1 proof-of-concept of this 
hypothesis. Using ESM data as ground truth labels, we successfully developed an accelerometer-
based detection model for naturalistic short-term tremor fluctuations. This method needs 
replication in larger populations and should be expanded with bradykinesia and dyskinesia 



 

 
 
 
 
 

detection. Besides for model development, ESM data could also be used as ground truth labels 
for validation of already developed motor symptom detection models. 
 
Feasibility of short-term, naturalistic PD motor monitoring 
To investigate the potential of naturalistic motor monitoring for real-time and closed-loop 
feedback applications, we explored short-term validity of PD monitoring in chapter 9. We show 
that medication-induced naturalistic motor fluctuations can be differentiated based on 
accelerometer-derived bradykinesia features, over 60-second windows. The hypothesized 
additional value of personalized, individually trained models over group models was not found. 
Additional analyses with the group models showed that feature windows up to 300 seconds and 
larger data sets increased the predictive performance. The latter findings are in line with previous 
literature 36 and encourage replication of the individual model analyses with larger individual data 
sets.  
In general, the predictive performance over 60-second windows support our hypothesis that 
naturalistic motor symptom detection is possible on a high temporal resolution. As discussed, 
despite high temporal resolutions of several commercial devices’ symptom scores (seconds to 
minutes), aggregation of scores over longer periods of time is needed for good performance 33,35.  
An important limitation is the individual variability of predictive performance, most prominently 
in the individualized models. Currently, we hypothesize that this variability is caused by the 
relatively small individual data sets and the inherent variability of the unscripted activities of daily 
life (ADL) recorded. The test data selected to compute the models’ performance originated from 
blocks of 10 minutes. High variability in performed activities could lead to mismatching training 
and test data, resulting in poorer results 36,37. However, this requires further analysis in larger or 
more structured individual data sets. As an intermediate step between scripted experiments and 
naturalistic experiments, video-observed ADL studies in movement labs can be considered. 
 
Possibilities and limitations for short-term naturalistic PD motor monitoring  
Regardless of the temporal resolution, future development and validation of PD monitoring 
devices should pay closer attention to the heterogenous PD symptomatology. Clear definitions of 
clinical utilization are needed, and in case they cover multiple symptoms, strategies to aggregate 
symptom scores have to be studied. In doing so, the intended interaction between the clinician 
and the provided scores has to be discussed 4. 
Methodological boundaries of naturalistic short-term motor monitoring have to explored. Clinical 
utilizations have to be tailored to the minimal time window required for valid symptom detection. 
For this, individual models, and the in chapter 9 suggested optimizations, should be explored in 
larger, naturalistic, individual data sets. 
So far, the literature nearly exclusively describes PD monitoring based on supervised machine 
learning models. Unsupervised models hold a substantial advantage of not requiring ground truth 
labels for model training, although model validation is more complicated. Populations with known 
(medication-induced) clinical fluctuations, or subjective symptom reports via ESM can be 
considered to test unsupervised models. The discriminative potential of the coefficient of 
variation found in chapter 9, might also contribute to the development of unsupervised models.  
Last but not least, to enable reproducible findings, open-source, non-proprietary algorithms are 
needed 27,31. The scientific community is doing a big effort since the last years to overcome this 
challenge 38,39, which should be continued and expanded. 
 



 

 
 

 
 
 
 

10.4 Naturalistic motor symptom monitoring and adaptive DBS 
 
Current status of adaptive DBS 
Since the publication of chapter 1 essential work has been published regarding aDBS 40. Following 
the demonstration of safety and tolerability of a fully implanted aDBS based on 
neurophysiological signals (neural-based aDBS) are demonstrated 41, the clinical effectivity has 
been demonstrated in long-term real-life experiments 42.  
A better understanding of beta-oscillations suggested that aDBS working mechanisms rely on 
selective alteration of beta-distributions and beta-durations, rather than merely altering the total 
beta power 43–46. Also, the concept of combining neural signals from the basal ganglia and the 
cortical motor area to improve neural aDBS 47 has been confirmed to contribute to naturalistic 
motor state decoding 42. Furthermore, aDBS-paradigm differentiation is suggested between slow 
and fast algorithms 47, between different phenotypes 48–50, and between patients based on 
individual motor-state-specific neural signatures 42. 
 
Naturalistic motor symptom monitoring to evaluate aDBS  
Motion sensing is a strong candidate to assist in the evaluation of aDBS. Current aDBS literature 
suggests motion sensing to objectify acute motor effects 41,51, and to monitor motor effects in 
real-life 42. Given that aDBS is a dynamic therapy, we argue that motion sensing is especially 
interesting for real-life aDBS monitoring. As explained before, clinician-based observations are 
too labour intensive and questionnaire-based assessments lack the desired temporal resolution 
for real-life monitoring. Research investigating the short-term validity of naturalistic motor 
monitoring will determine the role of motion sensing for aDBS evaluation. For this, the following 
twofold question is essential: ‘Does the minimal window of time required for valid motion sensing 
1) match the window on which the fast/slow aDBS paradigm requires revaluation (e.g. 1, 5, or 60 
minutes), and 2) capture the difference in symptom severity which is intended to treat with an 
aDBS adjustment’? If so, wearable motion sensing can be considered as aDBS input signal (motion-
based aDBS). If not, motion sensing can still be used to evaluate neural-aDBS. Since available 
naturalistic tremor detection seems feasible in a nearer-future than bradykinesia detection 30,33, 
and DBS algorithms for tremor will be more likely a ‘ON/OFF-algorithm’ (chapter 1), motion-based 
aDBS might be introduced first for tremor-dominant rather than akinetic-rigid PD patients 52. 
 
Another interesting neuroscientific debate is whether neural-based aDBS and motion-based aDBS 
are the same therapy. Technical advances will improve our understanding of daily life 
neurophysiological behavior 53,54 and may lead to millisecond precise neural-based aDBS 
algorithms. Neural-based aDBS tailored and responsive to specific neurophysiological recordings, 
will per definition have a different mechanism of action than motion-based aDBS.  
First, this does not imply superiority of one of the two aDBS variants, but that they may rely on 
different neural working mechanisms. That is, how does the targeted neural target-feature 
behave under optimal and suboptimal treated conditions? And how do bradykinesia- or tremor-
related movement features based on motion sensing, behave under different DBS settings? For 
both variants of aDBS similar DBS-algorithm development strategies have to be considered, as 
discussed in chapter 1. Possibly both variants need different time windows to yield the effect of a 
change in DBS paradigm, or different step sizes in between DBS paradigm changes. 



 

 
 
 
 
 

Second, this requires similar proof-of-concept steps for motion-based aDBS, as done for neural-
based aDBS 41,42,55,56. Since motion-based aDBS experiments are not depending on operating 
theatres and externalized leads, they have the potential to progress faster.  
 
10.5 Lessons learned regarding naturalistic PD motor monitoring 
 
The inclusion of wearable clinical decision support systems (CDSS) can make PD monitoring more 
representative for the naturalistic fluctuations in real-life. Subjective eDiaries (such as ESM) have 
the potential to be used as naturalistic, repetitive ground truth in Parkinson monitoring. Practical 
feasibility and conceptual proof-of-concept are described here. A further validation of the 
subjective answers is required before ESM can be applied to develop and validate other wearable 
monitoring tools. 
Wearable motion sensor tools are very promising to contribute to PD care as long-term evaluation 
devices. To determine the minimal naturalistic short-term fluctuation these models can detect, 
follow up research with more individual data is required. This minimal length will be determinant 
whether dynamic closed-loop therapies for PD can be programmed based on wearable motion 
sensing.  
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Chapter 11 
 

 
Summary 

 
 
  



 

 
 
 
 
 

Parkinson’s disease (PD) is the second most common neurodegenerative disorder influencing the 
life of millions of people worldwide. It is characterized by motor and non-motor symptoms which 
worsen over time and affect the daily quality of life of patients. 5% to 10% of PD patients will be 
considered for deep brain stimulation (DBS), when pharmacologic dopamine-replacement 
therapy is not alleviating the motor symptoms to a satisfactory level (anymore). The aim of this 
thesis was to improve future DBS care for PD patients via individual preoperative outcome 
prediction and real-life (naturalistic) symptom monitoring.  
 
The work in part A focused on improving postoperative DBS outcome in PD by improving 
individual outcome prediction preoperatively. We hypothesized that a better recognition of 
patient who are likely to have a suboptimal response to DBS, may lead to improved patient 
counselling and potentially patient selection. Chapter 2 demonstrated the principle of predicting 
individual DBS outcomes with a machine learning model which analysed preoperative clinical 
variables. The presented model was able to discriminate between strong and weak responders 
with an area under the curve of 0.79 (standard deviation (sd): 0.08) and a classification accuracy 
of 78%. In chapter 3, we validated a generalizable version of this model in an external cohort of 
322 PD patients who underwent subthalamic nucleus DBS over six international DBS centres. The 
model was able to discriminate between strong and weak responders with an area under the 
curve of 0.76 and a classification accuracy up to 77%.  
During the design, execution, and evaluation of these studies, we encountered some inherent 
challenges of preoperative individual outcome prediction in DBS practice. We highlighted 
essential steps to realize actual clinical impact for the patient, after the successful retrospective 
development and validation of a model. Binary, or standardized regressive, outcome definition is 
very challenging in DBS care, and a proposed outcome should be validated to some extent 
compared to traditional gold standards for DBS success. Also, the interaction between clinician, 
patient, and prediction tool must be studied to evaluate a model’s potential therapeutic and 
socioeconomical effect. The work in part A of this thesis can be part of the foundation of future 
clinical decision support systems for DBS care.  
 
In part B, we focused on the real-life (naturalistic) monitoring of PD symptoms. We were especially 
interested in the potential of naturalistic monitoring to evaluate dynamic, self-adjusting DBS 
therapies (adaptive DBS). First, we demonstrated how a smartphone-based self-reporting diary 
(experience sampling method, ESM), combined with wearable motion sensors, can contribute to 
naturalistic Parkinson monitoring. We studied 20 PD patients who monitored themselves with 
ESM (8 identical questionnaires on motor, non-motor, and context per day) and wearable motion 
sensors for two weeks. In chapter 5 we demonstrated feasibility of this combined method since 
79% of ESM-questionnaires were completed, and the wearable sensors successfully collected 
motion data during 94% of the time. In chapter 6 we concluded that the subjective answers 
reporting on, among others, motor symptoms, non-motor symptoms, and motor functionality, 
were coherent and valid and could be useful in naturalistic PD monitoring.  
Since the long-term application of ESM is new in PD monitoring, and the combined monitoring 
methodology of ESM and wearable motion sensors was not described before, we made the total 
data set publicly available. To motivate and help other researchers to use these combined data 
types, we described our methodology of combining and analysing the two data types in chapter 
7. 



 

 
 

 
 
 
 

In chapter 8 we demonstrated our suggested application to combine ESM and wearable sensors 
to monitor naturalistic motor symptoms. In a single PD patient suffering from severe tremor 
fluctuations, we used the ESM answers as ground truth to train a machine learning model to 
predict tremor severity. Analysing windows of 15 minutes of motion data, the model predicted 
tremor severity with a significant correlation of r = 0.43. 
 
In chapter 9, we investigated on which short-term time window, motion sensors were able to 
differentiate naturalistic medication-induced motor fluctuations. In 18 out of 20 PD patients, 
differentiation of (bradykinesia-centred) motor fluctuations was feasible on a one-minute window 
and performance increased when five-minute windows were analysed. Our hypothesis that 
models trained on individual data would outperform models trained on group data could not be 
confirmed. However, a replication of these analyses with larger individual data sets is necessary 
to conclude whether there is no additional value of individual model training. 
 
Concluding, in part A we demonstrated and validated the potential of individual DBS outcome 
prediction to add clinical patient value, and highlighted which inherent challenges must be 
overcome to fulfil this potential. In part B, we applied ESM as a method to improve naturalistic 
PD monitoring and provided a proof of concept how this can practically improve naturalistic motor 
symptom monitoring. We described the feasibility of motor fluctuation differentiation on a one-
to-five-minute level, and provided future steps to investigate whether motion sensing can be used 
to control dynamic therapies as adaptive DBS. 

  



 

 
 
 
 
 



 

 
 

 
 
 
 

Chapter 12 
 

 

 
Impact and valorization 

 
 



 

 
 
 
 
 

  



 

 
 

 
 
 
 

Both the findings on individual preoperative outcome prediction for deep brain stimulation (DBS) 
in Parkinson’s disease (PD), as on naturalistic monitoring in PD belong to the early development 
stages of potential future clinical decision support systems (CDSS). For both topics, the answers 
on the hypotheses enable next scientific steps towards CDSS which should optimize patient care 
in PD.  
The described individual preoperative outcome prediction can improve patient counselling and 
maybe even patient selection in the future. This may lead to a positive socioeconomic impact. 
First, prospective follow up research should be done to optimize the target population and the 
predictive model, to validate predictive performance in a prospective setting, and to investigate 
the interaction between CDSS, clinician, and patient. A valorising partner such as a neuro- or 
health care-tech start-up may be included to enable a smoother transition from the scientific 
setting into an applicable CDSS. The lessons presented in our discussion are likely to be beneficial 
for researchers and clinicians considering CDSS for other neurological and psychiatric DBS-
indications. 
The proven long-term feasibility of electronic diaries (such as experience sampling method (ESM)) 
can contribute to more usage of ESM in clinical practice, and to a better understanding between 
patient and clinician about the naturalistic symptom fluctuations. Further, we encouraged the 
scientific community to combine ESM and motion sensors to improve naturalistic PD motor 
monitoring.  
The demonstrated feasibility and potential methodologies of short-term naturalistic bradykinesia 
fluctuation detection may especially improve the evaluation and management of PD motor 
therapies. All this can improve real-life symptom assessment, provide the clinician with a more 
accurate therapeutic evaluation, and lead to better tailored therapeutic management in PD.  
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Nederlandse samenvatting 
 
De ziekte van Parkinson (ZvP) is de tweede meest voorkomende neurodegeneratieve aandoening 
en beïnvloedt miljoenen mensen wereldwijd. Kenmerkend voor de ZvP zijn toenemende 
motorische en niet-motorische klachten die de kwaliteit van leven verminderen. 5% tot 10% van 
de patiënten lijdend aan de ZvP komt in aanmerking voor diepe hersenstimulatie (DBS) wanneer 
farmacologische behandeling geen afdoende effect meer heeft op de motorische symptomen. 
Het doel van dit proefschrift is om de DBS zorg voor de ZvP te verbeteren middels preoperatieve 
uitkomst voorspelling en symptoom monitoring in het dagelijks leven van patiënten. 
 
Het werk in deel A richt zich op het verbeteren van postoperatieve resultaten na DBS door de 
voorspelling van de uitkomst preoperatief te verbeteren. Onze hypothese was patiënt 
voorlichting en wellicht patiënt selectie verbeterd kan worden door een betere inschatting van 
de individuele kans op een gunstige uitkomst na DBS. In hoofdstuk 2 toonden we het principe van 
individuele uitkomst voorspelling middels een machine learning model op basis van preoperatieve 
klinische variabelen. Het model differentieerde tussen patiënten met een goede en slechte 
uitkomst met een area under the curve (AUC) van 0.79 (standaarddeviatie 0.08) en een 
classificatie accuracy van 78%. In hoofdstuk drie hebben we dit model (na minimale aanpassing 
van de generaliseerbaarheid) getest in een extern patiëntcohort van 322 patiënten die DBS 
ondergingen voor de ZvP uit zes internationale DBS-centra. Het model differentieerde de 
patiënten met goede en slecht uitkomst met een AUC van 0.76 en een accuracy tot 77%. 
Tijdens de ontwikkeling, uitvoering en evaluatie van deze studies zijn we meerdere uitdagingen 
tegengekomen die inherent zijn aan preoperatieve uitkomst voorspelling voor DBS. We hebben 
essentiële stappen beschreven die nodig zijn om de patiëntenzorg daadwerkelijk te verbeteren. 
Ten eerste is een gestandaardiseerde DBS-uitkomstdefinitie ingewikkeld op te stellen. Elke 
voorgestelde definitie zal tot zekere hoogte moeten worden gevalideerd met erkende 
uitkomstmaten. Ook moet de interactie tussen de behandelaar, de patiënt en het model worden 
onderzocht om een beeld te krijgen van het werkelijke therapeutische en socio-economische 
effect. Het werk in deel A kan deel van de basis zijn voor toekomstige klinische beslissing-
ondersteunende modellen in de DBS-zorg.  
 
In deel B hebben we ons gericht op het monitoren van de ZvP in het dagelijks leven. In het 
bijzonder waren we geïnteresseerd of dagelijks-leven-monitoring zelfsturende therapieën zoals 
adaptieve DBS kan aansturen. Eerst hebben we aangetoond hoe een smartphone-vragenlijst 
(experience sampling method, ESM) gecombineerd met bewegingssensoren de dagelijks-level-
monitoring kunnen verbeteren. Hiervoor bestudeerden we 20 patiënten met de ZvP die 
gemonitord werden met ESM (8 identieke vragenlijsten over hun motorische en niet-motorische 
klachten en hun omgeving per dag) en bewegingssensoren gedurende twee weken. Hoofdstuk 5 
beschrijft de haalbaarheid van deze combinatie gezien 79% van de ESM-vragenlijsten werd 
beantwoord en 94% van de beoogde tijd was geregistreerd door de bewegingssensoren. 
Hoofdstuk 6 beschrijft dat de ingevulde ESM-antwoorden wat betreft onder andere motorische 
en niet-motorische symptomen en bewegingsfunctionaliteit een logische samenhang 
vertoonden. Dit spreekt er voor dat ESM kan worden toegepast in het monitoren van ZvP-klachten 
in het dagelijks leven. 
Aangezien zowel dit langdurige gebruik van ESM bij de ZvP, als ook de combinatie met 
bewegingssensoren, nog niet beschreven was, hebben we de volledige data publiekelijk 



 

 
 

 
 
 
 

beschikbaar gemaakt. In hoofdstuk 7 beschrijven we ons methode om de verschillende data types 
te combineren en te analyseren om andere onderzoekers te helpen en motiveren. 
In hoofdstuk 8 tonen we hoe de voorgestelde combinatie van ESM en bewegingssensoren kan 
bijdragen aan het monitoren van motorische symptomen in het dagelijks leven. Bij één patiënt 
met forse tremor fluctuaties hebben we de ESM-antwoorden gebruikt als goud standaard om een 
model te ontwikkelen dat de mate van tremor herkent aan de bewegingssensoren registraties. 
Wanneer blokken van 15 minuten bewegingsdata werden gebruikt om de tremor scores te 
voorspellen, kwamen deze overeen met de daadwerkelijk scores met een correlatie van r = 0.43. 
 
In hoofdstuk 9 hebben we specifiek gekeken of bewegingssensoren de motorische fluctuaties in 
het dagelijks leven op korte tijdsbestekken kunnen herkennen. Het herkennen van motor 
fluctuaties (gericht op bradykinesie) per minuut was mogelijk in 18 van 20 patiënten met de ZvP. 
De voorspellingsprestaties verbeterden wanneer er werd gekeken per vijf minuten. We konden 
onze hypothese dat modellen ontwikkeld met individuele data secuurder zijn dan modellen 
ontwikkeld op groepsdata niet bevestigen. Herhaling van deze analyses met langere individuele 
datacollecties is echter aangewezen voordat er over de toegevoegde waarde van individueel 
getrainde modellen kan worden geconcludeerd. 
 
Samenvattend hebben we in deel A laten zien dat individuele uitkomstvoorspelling mogelijkheden 
biedt om de zorg voor patiënten met de ZvP die in aanmerking komen voor DBS te verbeteren. 
We hebben nieuwe validatiestappen gezet en besproken wat de volgende onderzoek stappen 
moeten zijn. In deel B hebben we laten zien hoe ESM een toegevoegde waarde kan zijn om de 
monitoring te verbeteren van motorische symptomen in het dagelijks leven van patiënten met de 
ZvP. Daarnaast lieten we zien dat het detecteren van motorische fluctuaties in het dagelijks leven 
ook mogelijk is op tijdsbestekken van een tot vijf minuten, en hebben we methodes aangereikt 
waarmee onderzocht kan worden of deze monitoring secuur genoeg kan worden om adaptieve 
DBS mee aan te sturen. 
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