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1
Introduction

E-health solutions have been widely promoted as an alternative option for health-care delivery
to decrease the burden of national health system and increase quality of care. The commonly
known definition of e-health is given by Eysenbach 1: “e-health is an emerging field in the
intersection of medical informatics, public health and business, referring to health services and
information delivered or enhanced through the Internet and related technologies. In a broader
sense, the term characterizes not only a technical development, but also a state-of-mind, a way
of thinking, an attitude, and a commitment for networked, global thinking, to improve health
care locally, regionally, and worldwide by using information and communication technology.”
E-health is expected to increase efficiency in health care, enhance quality of care, offer
evidence-based e-health interventions, extend the scope of health care in both a geographical
and a conceptual sense, etc.. Based on the interviews of e-health practitioners, scholars, and
policy influencers 2, one dominant e-health domain is to use e-health technologies to monitor,
track, and inform health. Namely, monitoring for health and social care activities through onbody sensors, information and communication technology. In hospital environments, patient
monitoring systems with heavy equipment are currently used for intensive-unit-care (ICU)
patients to continuously track critical changes in the vital signs. In non-hospital environments,
portable equipment is needed for people with chronic diseases, such as individuals with epilepsy
or Parkinson’s disease, who need 24/7 specific-symptom monitoring to improve the efficacy of
treatment in daily life.

An e-health monitoring system is desired in individuals with epilepsy for the timely treatment
and careful management of epileptic seizures. Epilepsy is defined as a central nervous system
disorder characterized by abnormal brain activity (see an example in figure 1) and variable
clinical symptoms 3. More than 50 million people worldwide have epilepsy and are suffering
from epileptic seizures, defined as “a transient occurrence of signs and/or symptoms due to
abnormal excessive or synchronous neuronal activity in the brain” 4. The clinical signs of
seizures are heterogenous because seizures could cause changes in consciousness, emotional
state, memory, cognition, sensory function, autonomic function, behavior, or motor function 4.
According to motor symptoms, seizures can be divided into two types 5. They are convulsive
seizures, during which individuals present prominent motor signs, and non-convulsive seizures,
during which individuals present subtle or even no motor signs 5. During seizure diagnosis,
non-convulsive seizures are generally difficult to be recognized by clinicians and care-givers
without professionals’ real-time analysis of electroencephalography (EEG) signals. The
2
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delayed intervention of long-duration non-convulsive seizures (non-convulsive status
epilepticus) can threaten ICU patients’ life and place out-hospital patients in a dangerous
situation. A 24/7 real-time seizure monitoring system using EEG signals is therefore essential
for individuals suffering from non-convulsive seizures, especially for out-patients who lack
hospital-care conditions in daily life. Several EEG analysis systems have been developed to
monitor brain activity of patients with non-convulsive seizures 6–9. These systems can detect
abnormalities in EEG signals and therefore help identify the occurrence of non-convulsive
seizures to trigger an alarm for timely treatment. However, the precision of non-convulsive
seizure detection is still unsatisfying or even not stated in previous studies 6–9.

Figure 1. An example of EEG abnormal patterns during non-convulsive seizures. The onset of the
abnormal patterns is marked by the red arrow.

Constant monitoring is also essential for individuals with Parkinson’s disease. Parkinson’s
disease is the fastest growing long-term neurodegenerative disorder leading to gait disturbances
10

. Population with Parkinson’s disease has more than doubled over the past 30 years

10

.

Parkinson’s disease is primarily caused by the interrupted communication among brain cells
given the loss of dopaminergic neurons in the substantia nigra and the presence of the abnormal
protein deposits in nerve cells (“Lewy bodies”) 11. The major features of Parkinson’s disease
are rigidity, tremor, and bradykinesia. The illustration is shown in figure 2. In the moderate and
advanced phase of Parkinson’s disease, freezing of gait is a common clinical symptom and
defined as “brief, episodic absence or marked reduction of forward progression of the feet
despite the intention to walk.” 12. Patients experiencing regular freezing episodes have a high
risk of physical and psychosocial problems, such as bone fractures, head injuries, and fear of
falling 13. Neverthless, the common treatment for freezing episodes is still lack of efficacy, such
as the resistance to dopaminergic treatment and continuous external rhythmic cues

12–14

. The

treatment efficacy can be improved with the assist of freezing evaluation. However, the
3
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unpredictable and episodic nature of freezing of gait builds a barrier to a valid and reliable
evaluation. To improve the freezing evaluation, an real-time freezing monitoring system, which
detects or even predicts spontaneous freezig episodes in daily life, is therefore desired. So far,
freezing monitoring systems have been commonly developed using motion signals from
wearable accelerometers and gyroscopes placed on the low body 15. The systems can detect or
predict freezing episodes according to abnormal gait characteristics and then trigger external
cues to overcome freezing episodes or record freezing episodes to assist further treatment.
However, accurate freezing monitoring is still challenging, and only a limited number of
previous studies have been executed for the development of a 24/7 real-time monitoring.

Figure 2. An illustration of Parkinson’s disease. Three main features: rigidity, tremor, and
bradykinesia are presented. Figure is adapted from a public-domain image 114.

During 24/7 monitoring, inaccurate constant e-health monitoring can result in cognitive
overload and alarm fatigue of patients’ caregivers 16, unwanted interruptions in patients’ normal
life, and even a life threat because of improper treatment. Nevertheless, the performances of
current e-health monitoring systems are still unsatisfying given variable physiological signals
and heterogenous individual demography. To improve the performance, especially sensitivity
and precision, we will present and discuss how to increase the performance from clinical
(chapter 2 and 4), basic science (chapter 5 and 6), and engineering (chapter 3 and 5) research
aspects in this thesis. In addition, the 24/7 monitoring system requires a portable and energyefficient hardware platform. Therefore, we have developed a hardware platform, termed
“Brainwave chip”, which aimed at symptom monitoring for individuals with epilepsy or
4
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Parkinson’s disease. The platform development consists of the development of algorithms,
architectures, and circuits. The current thesis only presents the algorithm part for this larger
project.

1
Our research about the e-health monitoring in patients with epilepsy is presented in chapter 2
and 3. In chapter 2, we introduced a clinical study for the causes of EEG misinterpretation for
non-convulsive seizures during clinical practice, and we revealed four types of EEG patterns
likely misinterpreted as discharges during seizures (ictal discharges) by both human raters and
computer algorithms. According to the EEG patterns found in the chapter 2, an engineering
study is presented in chapter 3. In this engineering research, a synthetic 4-class classifier was
proposed, and the visibility graph method for the feature extraction was used to increase the
precision of non-convulsive seizure detection.

Our work about the analysis of wearable-sensor signals in individuals with Parkinson’s disease
is presented in chapter 4-6. We did a clinical study (chapter 4) to investigate which in-place
movement condition was most sensitive to evoke freezing episodes to acquire adequate data in
the lab environment for further analysis. To determine which physiological modalities are
significantly associated with freezing episodes, we characterized freezing episodes using
physiological signals, such as EEG, electrooculography (EOG), electrocardiography (ECG),
and motion data, in chapter 5 and 6. In chapter 5, the association between multi-modal
physiological signals and freezing episodes are described, and we proposed an online freezing
detection system accordingly. In chapter 6, we presented a basic science study to further
determine the relationship between eye movements and freezing episodes in turning movements.

5
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Pitfalls in EEG analysis in
Patients with Non-convulsive
Status Epilepticus

1

Adapted from Wang et al. [2020], submitted.

1

Abstract
Objective.
Electroencephalography (EEG) interpretations for the diagnosis of non-convulsive status
epilepticus (NCSE) from visual (by human raters) and automated (by computer technology)
analysis are still not very reliable. This study aimed to identify typical pitfalls in the EEG
analysis and make suggestions as to how those pitfalls might be avoided.
Methods.
The EEG recordings of individuals who had clinically confirmed or suspected NCSE were
analyzed visually and automatically. Ictal discharges were visually analyzed by two
independent raters, and the inter-rater agreement was reported as kappa statistics. A linear
regression model was used to investigate whether unreliable EEG interpretations, quantified by
low inter-rater agreement, were related to the characteristics of ictal discharges and the subject
demography. In addition, an automated analysis system was developed to classify EEG signals.
Two epileptologists compared the EEG interpretations through the visual and automated
analysis to determine which EEG patterns were most likely over-interpreted as ictal discharges.
Results.
Short ictal discharges with a gradual onset (developing over 3 seconds in length) were liable to
be misinterpreted. An extra 2 minutes of ictal discharges contributed to an increase in the kappa
statistics of > 0.1. Other pitfalls were the misinterpretation of abnormal background activity
(slow wave activities, other abnormal brain activity, and the ictal-like movement artifacts),
continuous interictal discharges, and continuous short ictal discharges.
Conclusion.
A longer duration criterion for NCSE-EEGs than the one suggested by the Salzburg criteria is
needed. Using knowledge of historical EEGs, individualized algorithms, and context-dependent
alarm thresholds may also avoid the pitfalls.

8
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1.

Introduction

Non-convulsive status epilepticus (NCSE) is characterized by its inconspicuous motor
symptoms with prolonged electrographic seizure activities 5. Given the subtle and variable
clinical presentations, electroencephalography (EEG) that confirms ictal discharges
(epileptiform EEG activity during a seizure) is an essential diagnostic tool of NCSE. The value
of the diagnostic tool can be assessed by the reliability of EEG interpretations, which is
quantified by their inter-rater agreement 17. The low agreement most likely indicates that some
EEG misinterpretations exist 18.

NCSE-EEG interpretations through visual analysis by human raters and automated analysis by
computer technology are still not very reliable 6–9,19–21. The Salzburg Consensus Criteria (SCC)
22,23

achieved a high accuracy and inter-rater agreement for the diagnosis of NCSE 24,25, but the

accuracy and agreement are low when it is not feasible to assess the effect of intravenous
antiepileptic drugs on EEG and when EEG-readers interpret short EEG recordings 20,26,27. The
visual EEG interpretations heavily rely on subjective judgments based on EEG-readers’
experience and knowledge about the characteristics of ictal discharges’ location, morphology,
frequency, and persistence. EEG-readers who are inexperienced and non-professional for
NCSE-EEG patterns are more liable to misinterpret EEG and result in an unreliable NCSE
diagnosis. A previous study

21

summarized several pitfalls in the EEG interpretations of

intensive care unit (ICU) patients with NCSE: misinterpreting artifacts as ictal discharges,
assuming that the stereotypical patterns of ictal discharges are observed on the same subject,
and assuming that a dichotomy exists between ictal and interictal discharges (epileptiform EEG
activity between seizures) in patients with encephalopathy. The automated EEG analysis can
assist clinicians and care-givers in the detection of ictal discharges because of its greater time
efficiency and more objective judgments than the visual analysis 6–9. However, pitfalls of EEG
overinterpretations also exist in automated analysis

8,9

: the misclassification of pre-ictal

discharges (epileptiform EEG activity before a seizure), post-ictal discharges (epileptiform
EEG activity after a seizure), high-frequency artifacts, or similar background EEG activity.
These EEG overinterpretations could lead to wrong diagnoses of NCSE and cause serious
consequences 28,29.

9
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EEG-readers need to be alert to potential pitfalls in EEG analysis for NCSE diagnosis.
Nevertheless, studies on the pitfalls in the visual and automated EEG analysis for NCSE are
relatively scarce 19,21. This research addresses the pitfalls of unreliable EEG interpretations. We
investigated EEG misinterpretations from visual and automated analysis for NCSE patients
with chronic epilepsy and brain development disorders.

2.

Materials and methods

Study design
This is a retrospective explorative study approved by the Medical Research Ethics Committee
of Kempenhaeghe in the Netherlands. We randomly retrieved and analyzed the EEG and the
clinical records of 30 subjects with preceding seizures between 2008 and 2016 in this study.
Twenty of the 30 subjects’ data were recorded when they had clinically confirmed NCSE,
which was diagnosed based on the clinical information, such as clinical signs, response to
treatment, and EEG recordings. Ten of the 30 subjects’ data were recorded during clinically
suspected NCSE, that is, the subjects were firstly suspected to have NCSE based on their
clinical signs, but the suspicion was dispelled based on the response to treatment and EEG
recordings. We included subjects < 65 years and excluded EEG recordings with excessive
artifacts and those of subjects from whom we did not receive permission (from themselves
and/or their legal guardians) to use their recordings for scientific research.

The study had three phases. (1) The recordings were screened according to the inclusion and
exclusion criteria, and the clinical background was evaluated by an experienced epileptologist.
(2) Ictal discharges in the EEG recordings were annotated by two independent raters. The interrater agreement was calculated. (3) The pitfalls in the visual and automated EEG analysis were
investigated.

Data sources
The EEG recordings were acquired by three different systems (BrainRT, EEG Stellate, and
Micromed) at Kempenhaeghe. The sampling rates of the EEG recordings were 100 Hz, 200 Hz,
or 256 Hz. The EEG electrodes were positioned in the 10-20 system. For the algorithm
development of the automated EEG analysis, 21 electrodes among the subjects were used (19
10
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electrodes in the 10-20 system, plus electrodes F9 and F10). All recordings were continuous
except in nine subjects, where 5 minutes per hour were stored when no clinical abnormalities
were recorded. From each subject’s clinical record and the corresponding clinical report of EEG
recordings, we collected information about age, sex, intellectual disability level, sleep status,
preexisting epileptic encephalopathy (defined as severe brain dysfunction at early age), clinical
signs during NCSE, and seizure history.

2
EEG visual analysis and inter-rater agreement
The raters were asked to focus on the EEG visual analysis without checking corresponding
videos, as NCSE is known by its difficult discrimination from normal behavior, and the fact
that different patients show variable clinical presentations. Annotations of ictal discharges were
done using the open-source software “EDFbrowser” 30. Four types of EEG montages were
available during the visual analysis: longitudinal bipolar montage, transverse bipolar montage,
average montage, and original archived data montage.

The raters annotated ictal discharges and labeled their characteristics: duration, certainty, onset
location, onset visibility, and morphology patterns according to the pre-defined criteria shown
in table 1. As NCSE takes a relatively long time to develop, we set 20 seconds as the duration
criterion for ictal discharge annotation. The presence of ictal discharges was primarily assessed
by a combination of both SCC and the American Clinical Neurophysiology Society's
Standardized Critical Care EEG Terminology (ACNS) criteria 22,23,31. The raters categorized
the certainty of their annotations as either definite or possible ictal discharges, and the rest of
the recordings was categorized as episodes without ictal discharges. In addition, the ictal
discharges were labeled either generalized or focal according to their onset location, and their
onset visibility were labeled either sudden or gradual according to ACNS criteria. Five
categories were used to describe the dominant morphology patterns: three of five categories—
“Spike Wave”, “Wave”, and “Fast Spike” pattern—were summarized from several terms in
ACNS criteria, and the other two empirical categories were added—“Seizure-related EMG
Artifacts” 32, and “Unknown Type”.

We summarized the annotated ictal discharges by the two raters via an annotation code
(appendix A), and estimated the inter-rater agreement. Cohen’s kappa was calculated to assess
11

the agreement on episodes with and without ictal discharges. Fleiss’ kappa was estimated to
assess the agreement on episodes with definite ictal discharges, with possible ictal discharges,
and without ictal discharges. The 95% confidence interval (CI) of the kappa statistics were also
calculated. The strength of the agreement was interpreted according to the suggestions of Landis
and Koch 33.
Table 1. Annotation criteria of ictal discharges.
Definite ictal discharges

Possible ictal discharges

≥ 20 seconds

Duration
-

SW discharges > 2.5
Hz
Other-pattern evolving
discharges > 4 Hz

-

SW discharges ≤ 2.5
Hz
Certainty
- Other-pattern evolving
discharges ≤ 4 Hz
- RDA > 0.5Hz
Generalized Occupying > half of the longitudinal bipolar channels
Onset
location
Focal
Occupying ≤ half of the longitudinal bipolar channels
Sudden
Developing from absent ≤ 3 seconds
Onset
visibility
Gradual
Developing from absent > 3 seconds
Spike
SW discharges or RDA with superimposed repetitive
Wave
sharp waves or spikes (RDA+S)
Wave
RDA
Fast Spike Spiky or sharp periodic discharges
Morphology SeizureElectromyography artifacts caused by seizures
patterns
related
EMG
Artifacts
Unknown
Other patterns than the above four
Type

Not ictal
discharges
< 20
seconds
Rest EEG
activity

EEG: electroencephalography; EMG: electromyography; RDA: rhythmic delta activity; SW: spike-and-wave or
sharp-and-wave.

12
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Investigation of unreliable EEG interpretations through visual analysis
We applied linear regression models to determine whether the reliability of EEG interpretations,
quantified by the inter-rater agreement, was influenced by the characteristics of ictal discharges
and the subject demography. The Cohen’s kappa and Fleiss’ kappa were the dependent variable
of the models, respectively. The independent variables were the characteristics of ictal
discharges (duration, certainty, onset location, onset visibility, and morphology patterns) and
the subject demography (age, sex, intellectual disability level, sleep status, preexisting epileptic
encephalopathy, clinical signs during NCSE, and seizure history). The analysis was
implemented in SPSS Statistics version 25. A two-tailed p-value < 0.05 indicated a significant
linear relationship.

Investigation of EEG over-interpretations through visual and automated analysis
Comparing the EEG interpretations from visual and automated analysis can help us point out
the hidden pitfalls of EEG overinterpretations. Therefore, we developed a customized
multimodal viewer (a Matlab graphical user interface shown in figure 1) that presents the EEG
recordings, the annotated ictal discharges by raters, and the EEG signal classification results
generated by our self-developed automated analysis system. The automated analysis system
included pre-processing, feature extraction, and synthetic three-class classification (more
details can be found in appendix B). The system mainly analyzed features in time-frequency
domain and built a synthetic three-class classifier to classify EEG epochs into three categories:
ictal discharges, suspicion activity, and normal activity. The suspicion activity indicated the
over-interpreted EEG signals (signals misclassified as ictal discharges) in the automated
analysis. In the lower panel of the multimodal viewer (figure 1), the distribution of the three
categories were presented in units of 10 seconds.

Two epileptologists investigated and discussed the pitfalls of EEG overinterpretations for each
subject. They used the multimodal viewer to compare the EEG interpretations through the
visual and automated analysis. Meanwhile, they checked the corresponding clinical records and
inter-rater agreement. The pitfalls of EEG overinterpretations through the automated analysis
were investigated among the EEG episodes without annotated ictal discharges but automatically
classified as definite or suspected ictal discharges. The pitfalls of EEG overinterpretations
through the visual analysis were investigated among the EEG episodes with annotated ictal
discharges but automatically classified as normal activity.
13
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EEG: electroencephalography.

Figure 1. Viewer for EEG recording and classification results. The upper panel in the viewer presents an EEG recording in the longitudinal bipolar montage.
Pink backgrounds indicate ictal discharges. The lower panel shows the stacked percentages of the classification results. Each bin in the bar plot indicates 10
seconds. The upper and lower panels are linked, and both of them are able to be zoomed in or out.
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3.

Results

Subjects
The subject flow through the three study phases is shown in a recruitment tree (figure 2). In the
first phase, two subjects were excluded, and two were moved from the diagnosed NCSE group to
the suspected NCSE group. In the second phase, the EEG recordings of two subjects in the NCSE
group and nine subjects in the suspected NCSE group did not include any agreed annotated ictal
discharges. All 16 subjects in the NCSE group were included in the third phase for the statistical
analysis. Fourteen of the 16 subjects were used in the automated EEG analysis system development.
In addition, two, nine, and five of the 16 subjects’ EEG recordings in the NCSE group were
sampled at 100 Hz, 200 Hz, and 256 Hz, respectively. In the suspected NCSE group, one subject’s
recording was sampled at 200 Hz, and the others were at 256 Hz.

In the first phase, the median age of the 16 NCSE subjects was 21 years, ranging from 6 to 43
years, and the median age of the 12 suspected NCSE subjects was 19 years, ranging from 4 to 61
years. Figure 3 presents an overview of the demographics and the clinical characteristics of the
subjects. Of note, two of 16 NCSE subjects had preexisting epileptic encephalopathy, whereas in
the suspected NCSE group, the subjects with and without preexisting epileptic encephalopathy
were equally distributed. Moreover, the EEG recording duration in the suspected NCSE group is
generally shorter than that in the NCSE group. A more comprehensive list of the clinical signs,
seizure histories, and other characteristics of individual NCSE and suspected NCSE subjects are
provided in appendix C.

Inter-rater agreement on visual EEG interpretations
In the NCSE group, the inter-rater agreement on both two categories (episodes with ictal
discharges and without ictal discharges) and three categories (episodes with possible ictal
discharges, with definite ictal discharges, and without ictal discharges) was moderate, with
Cohen’s kappa = 0.53 and 95% CI = 0.53±0.16, and Fleiss’ kappa = 0.41 and 95% CI =0.41±0.16,
respectively. The inter-rater agreement of the individual subjects are shown in appendix D. In the
suspected NCSE group, the inter-rater agreement was poor (Cohen’s kappa = 0; Fleiss’ kappa = -

15
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0.08); hence, we did not further analyze the EEG recordings in the suspected NCSE group in this
study.

Annotated ictal discharges in the NCSE group
In the NCSE group, 338 ictal discharges were annotated among approximately 183 hours of EEG
recordings. The annotated ictal discharges lasted approximately 14.7 hours in total. The ictal
discharges were summarized (figure 4) according to their characteristics: the certainty, onset
location, onset visibility, and morphology patterns. The definite and possible ictal discharges each
accounted for similar proportions. With respect to the onset location, generalized ictal discharges
reached major proportions. In addition, the ictal discharges with a sudden onset, developing from
absent in less than or equal to 3 seconds, accounted for a slightly higher proportion than the ictal
discharges with a gradual onset, developing from absent in more than 3 seconds. Morphologically,
the vast majority (66%) of the ictal discharges had a “Spike Wave” pattern.

Figure 2. Recruitment tree.

16
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Figure 4. The number of the ictal discharges categorized by their characteristics.

Figure 3. The overview of the demographics and the clinical characteristics of the subjects in the
NCSE and suspected NCSE groups. NCSE: non-convulsive status epilepticus.
17

Pitfalls of unreliable EEG interpretations through visual EEG analysis
Linear models showed a significant relationship between the average duration of the ictal
discharges with a gradual onset and inter-rater agreement measured by the kappa statistics. For
Cohen’s kappa, β=0.001, F(1, 14) = 10.861, p = 0.005, and the independent variable explained
43.7% of the variability. For Fleiss’s kappa, β=0.001, F(1, 14) = 12.89, p = 0.003, and the
independent variable explained 44.2% of the variability. In other words, an extra 2 minutes of the
ictal discharges with a gradual onset contributed to an increase in the kappa statistics of > 0.1. To
sum up, human raters interpreted ictal discharges with a gradual onset less reliably when the
duration was shorter. Using a short duration criterion in annotating these ictal discharges could be
a pitfall in visual EEG analysis (table 2).

Pitfalls of over-interpretations through visual and automated EEG analysis
The two epileptologists summarized the pitfalls of EEG over-interpretations using the multimodal
viewer. The pitfalls were the misinterpretation of the following:
-

abnormal background activity (figure 5),

-

continuous interictal discharges (figure 6),

-

continuous short ictal discharges (figure 7) whose duration were shorter than 20 seconds.

The abnormal background activity was categorized in three types: slow wave activities (figure 5A)
regularly observed in a dysfunctional brain or in a drowsy stage, other abnormal brain activity
(figure 5B) whose appearance was subject-dependent, and ictal-discharge-like movement artifacts
caused by rhythmic movements, such as repetitive chewing movements (figure 5C). The pitfalls
of over-interpretations are summarized in table 2, and the remarks by the epileptologists are
provided in appendix E.

18
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Figure 5. Abnormal background activity. (A) Slow wave activities marked by an arrow. (B) Other
abnormal brain activity. (C) Ictal-like movement artifacts.

19

Figure 6. Several interictal discharges. The onsets of the interictal discharges are marked by
arrows.

Figure 7. Short ictal discharges. The onsets of two short ictal discharges are labeled by arrows.

20
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Table 2. Pitfalls in EEG interpretations
Pitfalls of unreliable EEG interpretations through visual analysis
Using a short duration criterion in annotating ictal with a gradual onset
Pitfalls of EEG over-interpretations
Misinterpretation of abnormal background activity:
-

2

Misinterpretation of slow wave activities observed in a dysfunctional brain or in a
drowsy stage;

-

Assuming that the EEG background of individual subjects was consistently normal, and
over-interpreting the abnormalities as ictal;

-

Misinterpretation of the envelope of ictal-like movement artifacts leads to false alarms
in computer-assisted EEG analysis

Misinterpretation of continuous interictal discharges
Misinterpretation of continuous short ictal discharges
EEG: electroencephalography.

21

4.

Discussion

A reliable and correct EEG interpretation to diagnose NCSE is currently still difficult from visual
as well as automated analysis

. In this retrospective study, we visually and automatically

20,29,34

analyzed NCSE-EEG recordings, and the inter-rater agreement in the NCSE group was moderate
(Cohen’s kappa = 0.53 and Fleiss’ kappa = 0.41), consistent with the findings by Goselink et al.
20

. We found that using a short duration criterion for ictal discharges with a gradual onset

contributed to an unreliable EEG interpretation. Moreover, we pointed out other reasons for EEG
over-interpretation: abnormal background activity, continuous interictal discharges, and
continuous short ictal discharges, which extended the findings of a previous study 21.

One pitfall was to use a short ictal duration criterion for ictal discharges with a gradual onset. In
this study, we set 20 seconds as the duration criterion for ictal discharges, but even then the interrater agreement was still low. The 10-second criterion in SCC 23, defined according to commonly
used EEG reading duration via software, could be too short to support the reliability of visual EEG
interpretations in clinical practice. To increase the reliability of NCSE diagnosis and conform to
the natural course of the disease, a longer duration criterion can be recommended in future,
especially when EEG-readers rate ictal discharges with a gradual onset. However, using a too long
duration criterion might increase the risk of ignoring intervals carrying essential information.
Further research should be undertaken into optimal length. Until now, automated EEG analysis
algorithms for NCSE have regularly used short (e.g., 3 seconds) EEG signals as a classification
epoch, but the epoch duration is too short to be used in reliably detecting the ictal discharges for
NCSE diagnosis according to the earlier discussion. To be consistent with the way clinicians
diagnose NCSE, future studies about automated EEG analysis algorithms should focus on ictal
discharge detection using longer-duration EEG epochs.

The pitfalls of EEG over-interpretations were misinterpreting the following as ictal discharges: (1)
abnormal background activity [(a) slow wave activities, (b) other abnormal brain activity, and (c)
the ictal-like movement artifacts], (2) continuous interictal discharges, and (3) continuous short
ictal discharges.
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(1) For the three types of activities of the abnormal background activity:
(a) Slow wave activities are frequently observed in a damaged brain (e.g., in epileptic
encephalopathies) or during drowsiness. In visual analysis, EEG readers with insufficient training
in reading EEGs from a dysfunctional brain or sleep-EEG may over-interpret the EEG 29. In
automated analysis, slow wave activities and ictal discharges could be confused because their
frequency bands are similar. An advanced signal processing technique, such as extracting features
in the morphological besides the time-frequency domain features
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, may be helpful in their

distinction in future studies.
(b) The other abnormal brain activity is individually variable, and can be avoided by the use of
historical EEG data. Its over-interpretation (false alarms) in automated analysis was also
mentioned in the previous studies 8,9.
(c) The ictal-like movement artifacts could be over-interpreted in automated analysis when their
repetitive movements have a similar frequency band as ictal discharges. The low-pass filter of the
analysis algorithms helps filter out high-frequency components caused by muscle activities, but
keeps the envelope of signals caused by the repetitive movements.
In summary, to avoid misinterpretation of abnormal background activity, we suggest reading more
EEG recordings from the same subject to help human raters better recognize subject-specific ictal
discharges and individualizing automated analysis algorithms.
(2) Interictal discharges are not always clearly distinct from ictal discharges, and overinterpretation of continuous interictal discharges occurs especially in patients with encephalopathy
21

. The duration and presence of repetitive spiking or bursting activity cannot be the only criteria

to identify interictal discharges by EEG readers 36. Further investigation of criteria for interictal
discharges is needed.
(3) High concentrations of short ictal discharges can be observed in the EEG recording of a subject
presenting many short and unstable epileptic activities. Raters with hyper-sensitivity may overinterpret them as ictal discharges. We would suggest that EEG readers carefully interpret such
EEG recordings and consult other readers if in doubt. In addition, we recommend tuning alarm
thresholds according to subject-dependent clinical practice in the automated EEG analysis for
these particular recordings.
23

2

One unanticipated finding is that the inter-rater agreement in the suspected NCSE group was poor.
Based on our previous discussions and the demography of the suspected NCSE subjects, we could
assume that two factors may explain the unreliable EEG interpretations in this group. (1) Almost
all the recordings were less than 1 hour, and the raters may not have had enough EEG recordings
from the same subject to correctly distinguish ictal discharges from the abnormal background
activity. (2) Half of the subjects had preexisting epileptic encephalopathy. The slow wave activities
and the interictal discharges in the subjects with encephalopathy were probably misinterpreted as
ictal discharges. Additional studies are needed to confirm the causes of the poor inter-rater
agreement in the EEG interpretations of patients with suspected NCSE.

This study has several limitations. Given that the number of recordings from patients with NCSE
at Kempenhaeghe is relatively small, we also included several discontinuous archived EEG
recordings. These discontinuous recordings may hinder human readers and automatic algorithms
from correctly interpreting EEG. Continuous recordings from more data sources should be used in
future. The EEG-recordings were acquired by three systems, and their sampling rate were different
[the lowest sampling rate was 100 Hz (n=2)]. The heterogeneity of the sampling rate was not
expected to affect our results, such as the problem of the aliasing, because our interesting frequency
band, such as the frequency of Spike Wave and Wave patterns, is much lower than 50 Hz.
Nevertheless, future works should be undertaken to further confirm the influence of the different
system hardware and setting-up on our results. Given that this is an explorative study, the number
of recruited subjects (n = 30), EEG readers (n = 2), and research centers (n = 1) was small; hence,
the generalization of the conclusions is limited. In addition, given that our study is explorative and
the dense population of patient requires a large sample size, the subjects included in this study
were outpatients with chronic seizures and brain development disorders, and their age ranged
between 4 and 61 years; thus, the conclusions do not extend beyond this population. Future work
should include more subjects, especially those of neonatal age, elderly patients, patients without
preexisting epilepsy, and ICU patients, and more EEG readers from different research centers for
the generalizability. In the development of the automated EEG analysis algorithm, we primarily
used the features in the time-frequency domain, which limited our conclusion of the pitfalls in the
automated analysis. In future, morphological features should be added to the automated analysis.
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5.

Conclusion

We visually and automatically analyzed NCSE-EEG recordings to explore the causes of EEG
misinterpretations. To avoid the pitfalls in NCSE-EEG analysis, a longer duration criterion than
the one suggested by the Salzburg criteria is needed. Using knowledge of historical EEGs,
individualized algorithms, and context-dependent alarm thresholds may also avoid the pitfalls.

2
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Appendix A. Annotation agreement code.
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Appendix B. Steps of the self-developed system for automated EEG analysis in the monitoring of
patients with NCSE.
Steps for analyzing EEG signals in our self-developed system

1. Preprocessing

2. Feature
extraction

1.1 Band-pass filtered [0.5-45 Hz];
1.2 Subtract the average of all channel data from each channel data

2.1 Commonly used time-frequency features in ictal detection: 8,32
- approximation and detail coefficients corresponding to brain
wave bands via wavelet decomposition analysis using wavelet
Daubechies 4;
- power spectrum within each brain wave band;
- sample entropy;
- distances between signal peaks and troughs

3.1 Classified the EEG epochs into ictal discharge and normal
activity using a binary RUSBoost classifier:

3. Classification
3.2 Created a synthetic 3-class RUSBoost classifier from the
results of the binary classifier;
3.3 Used the synthetic 3-class classifier to classify EEG epochs
into three categories: ictal discharges, suspicion activity, and
normal activity
EEG: electroencephalography; NCSE: non-convulsive status epilepticus.

Remarks

To reduce
interference
caused by
muscle or
movement
artefacts and
direct
current
offsets.
Brain wave
bands we
used:
delta wave:
0.5-3 Hz;
theta wave:
3-8 Hz;
alpha wave:
8-13 Hz;
beta wave:
13-30 Hz;
gamma
wave:
30-45 Hz
RUSBoost
classifier
extends
AdaBoost
classifier in
addressing
classimbalance
problems56
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Severe

Severe

Severe

2

3

4

1

Intellectual
disability:
normal
above 70;
light
(50-70);
moderate
(30–50);
severe
(0–30)
Light

Patients

Continuous
8 hours and
50 minutes

Continuous
46 minutes

Continuous
39 minutes

Continuous
46 minutes

Recording
duration

Table 1. NCSE patient demography

Recognizable
without specific
sleep phenomena
(not obvious sleep
stages)

Not recorded

Obscured by
epileptic activity
(cannot be seen
anymore)
Not recorded

Recorded sleep
period

No

Yes

No

Yes

Preexisting
epileptic
encephalopathy

Appendix C. The detailed characteristics of the individual subjects.

Tonic-clonic seizure with impaired
awareness; atypical absence seizure
with impaired awareness;
myoclonic or atonic seizures with
retained awareness
Absences with impaired awareness;
atonic seizures with impaired
awareness;
tonic seizures with impaired
awareness
Laughing with impaired awareness;
Tonic-clonic seizure with impaired
awareness; NCSE with impaired
awareness

Some myoclonias and showed
panic with impaired awareness

Clinical signs during recordings
and seizure histories

Cardio-faciocutaneous
syndrome

Kabuki
Syndrome

Not applicable

Not applicable

Remarks

Light

Severe

Moderate

Normal

Normal

Light

Light

5

6

7

8

9

10

11

Noncontinuous
25 hours and
56 minutes

Noncontinuous
25 hours and
24 minutes

Noncontinuous
24hours

Noncontinuous
50 hours and
50 minutes

Continuous
22 hours and
19 minutes
Continuous
21 hours and
45 minutes

Continuous
2 hours and
53 minutes

10% to 50%
abnormal sleep due
to the high
frequency interictal epileptic
spikes and also
normal sleep
without spikes
50% to 85%
abnormal sleep due
to the high
frequency interictal epileptic
spikes and also

Normal sleep

Normal sleep

Normal sleep but
many seizures
during sleep
Normal sleep

Not recorded

No

No

No

No

No

No

No

Not applicable

Myoclonias and automatisms
seizures with impaired seizures;
myoclonic and clonic seizures with
impaired awareness; tonic seizures
with impaired awareness
Focal seizure evolving into NCSE
with impaired awareness

Focal seizure evolving into tonicclonic seizures with impaired
awareness; two of six recorded
seizures evolving into NCSE
Myoclonias with automatic
behavior with impaired awareness;
tonic-clonic seizures with impaired
awareness; atypical absence (1minute long) with impaired
awareness; aphatic seizure with
speak ability and retained
awareness
NCSE with impaired awareness;
myoclonic seizures with impaired
awareness; tonic seizures with
impaired awareness

Not applicable

Tonic-clonic seizures or tonic
seizures with impaired awareness

Not applicable

Developmental
encephalopathy
and Genetic
encephalopathy

Not applicable

Ring
chromosome 20
syndrome

Not applicable

Myoclonic and atonic seizures and
loss of urine with impaired
awareness
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30

Normal

Normal

13

14

Noncontinuous
23 hours and
36 minutes

Noncontinuous
21 hours and
5 minutes

Noncontinuous
24 hours and
25 minutes
15
Normal
Noncontinuous
23 hours and
55 minutes
16
Normal
Noncontinuous
23 hours and
23 minutes
NCSE: non-convulsive status epilepticus.

Normal

12

No

No

No

Normal sleep

Normal sleep

No

No

Normal sleep

Not recorded

normal sleep
without spikes
Normal sleep

NCSE with slow reactions with
impaired awareness; myoclonicatonic seizures with retained
awareness

Myoclonus, automatic behavior and
vocalization with impaired
awareness; NCSE evolved into
tonic-clonic seizures with impaired
awareness
NCSE evolved into tonic-clonic
seizures with impaired awareness;
eyelid myoclonias preceding a
tonic-clonic seizure;
Tonic-clonic seizure due to
withdrawal anti-epileptic drugs
Tonic-clonic seizure with impaired
awareness; atypical absences
evolved into NCSE (1 hour and 15
minutes) with impaired awareness
Tonic-clonic seizures evolved into
NCSE with impaired awareness

Not applicable

Not applicable

Not applicable

Not applicable

Not applicable

6

5

4

3

2

1

Patients

Continuous
ca. 50
minutes
Continuous
ca. 1 hour 2
minutes

Moderate

Severe

Severe

Normal

Continuous
ca. 13
minutes
Continuous
ca. 18
minutes

Recording
duration

Continuous
ca. 28
minutes
Continuous
ca. 21
minutes

Moderate

Light

Intellectual disability:
normal
above 70;
light
(50-70); moderate (30–50);
severe
(0–30)

Table 2. Suspected NCSE patient demography

Short normal
sleep

Not recorded
Sleep was
recorded with
many
epileptiform
(>85%)
activities
without status

Not recorded
Unknown:
difficult to
distinguish
between sleep
and awake

Not recorded

Recorded sleep
period

No

Yes

Yes

Yes

Yes

No

Preexisting
epileptic
encephalopathy

Not applicable
Not applicable

Unknown (no seizure)
Unknown (no seizure)

Severe mentally
impaired with
normal EEG

Not applicable

Unknown (no seizure)

Tonic seizures with
impaired awareness

FIRDA

Not applicable

Myoclonic absence with
impaired awareness
No

Remarks

Clinical signs during
recordings and seizure
histories
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Severe

Light

Normal

Normal

Continuous
ca. 16
minutes
Continuous
ca. 11
minutes
Continuous
ca. 21
minutes
Continuous
ca. 16
minutes
Not recorded

Not recorded
Normal sleep
and slow wave
sleep

Not recorded

No

Yes

No

No

Myoclonic seizure with
retained awareness and
motor signs; tonic seizure
with retained awareness;
absences with impaired
awareness

Two short absences with
impaired awareness

Unknown (no seizure)

Focal seizures from left
temporal lobe with
impaired awareness
Unknown (no seizure)

High proportion
of inter-ictal
epileptic
activities.

Not applicable

Not applicable

Not applicable

Not applicable

Severe

Continuous
Non-REM sleep
ca. 5 minutes patterns
Yes
12
Continuous
Status biPLD with impaired Not applicable
ca. 33
Short normal
awareness and no-motor
Normal
minutes
sleep
No
signs
biPLD: bilateral period laterized discharges; EEG: electroencephalography; FIRDA: frontal intermittent rythmicdelta activity ; NCSE: nonconvulsive status epilepticus; REM: rapid eye movement.

11

10

9

8

7
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Appendix D. The interrater agreement of the individual subjects.
Subject

Cohen’s kappa

Fleiss’s kappa

1

1.00

1.00

2

-0.14

0

3

0

0

4

0.32

0.47

5

0.64

0.65

6

0.69

0.89

7

0.25

0.51

8

0.21

0.49

9

0.60

0.66

10

0

0.01

11

0.33

0.51

12

0.18

0.28

13

0.01

0.01

14

0.48

0.48

15

0.73

0.74

16

-0.02

0

2
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Appendix E. The individual subject remarks about EEG over-interpretation and their
proportions.
Subject

Remarks on the individual subjects about EEG over-interpretation

1

Only one status epileptic; no extra remarks from the neurologists

4

Many potential false positives due to varied slow waves, and it was difficult for human
raters to annotate ictal discharges

5

Focal slow waves were the hallmark of the seizures, intermixed with some spike waves;
some slow activities during drowsiness disturbed the accuracy of ictal annotation

6

No extra remarks from the neurologists

7

No extra remarks from the neurologists

8

Same as the conclusion of subject 5

9

The algorithm detected both ictal and abnormal activities

10

Too many inter-ictal discharges, human raters had difficulties to distinguish ictal
discharges from this recording

11

There were several spike-wave concentrations with a high proportion of slow activities
and inter-ictal activities, it was doubtful to determine ictal or inter-ictal activities

12

Frequency of sharp waves in the ictal periods was a bit higher than the inter-ictal periods,
which may lead to false positive events by the algorithm

13

A tonic-clonic seizure and some abnormal activities were observed in this this recording

14

Many short ictal discharges in this EEG recording, the annotated periods look not very
typical “ictal”

15

High agreement between annotations and the outputs of the algorithm; no extra remarks
from the neurologists

16

Abnormal EEG activities and no definite ictal discharges. This recording is not suitable
for the algorithm, given its extremely low inter-agreement

EEG: electroencephalography.
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False Alarms Reduction in
Non-convulsive Status
Epilepticus Detection via
Continuous EEG analysis

2

2
Wang Y, Long X, van Dijk JP, Aarts RM, Wang L, Arends JBAM. False alarms reduction
in non-convulsive status epilepticus detection via continuous EEG analysis. Physiol Meas.
2020;41(5):055009. Published 2020 Jun 10. doi:10.1088/1361-6579/ab8cb3

Abstract
Objective
Frequent false alarms from computer-assisted monitoring systems may harm the safety of
patients with non-convulsive status epilepticus (NCSE). In this study, we aimed at reducing
false alarms in the NCSE detection based on preventing from three common errors: overinterpretation of abnormal background activity, dense short ictal discharges and continuous
interictal discharges as ictal discharges.
Approach
We analyzed 10 participants’ hospital archived 127-hour electroencephalography (EEG)
recordings with 310 ictal discharges. To reduce the false alarms caused by abnormal
background activity, we used morphological features extracted by visibility graph methods in
addition to time-frequency features. To reduce the false alarms caused by over-interpreting
short ictal discharges and interictal discharges, we created two synthetic classes—“Suspected
Non-ictal” and “Suspected Ictal”—based on the misclassified categories and constructed a
synthetic 4-class dataset combining the standard two classes—“Non-ictal” and “Ictal”—to train
a 4-class classifier. Precision-recall curves were used to compare our proposed 4-class
classification model and the standard 2-class classification model with or without the
morphological features in the leave-one-out cross validation stage. The sensitivity and precision
were primarily used as performance metrics for the detection of seizure event.
Main results
The 4-class classification model improved the performance of the standard 2-class model,
especially increased the precision by 15% at an 80% sensitivity level when only time-frequency
features were used. Using the morphological features, the 4-class classification model achieved
the best performances: a sensitivity of 93% ± 12% and a precision of 55% ± 30% in the group
level. 100% accuracy was reached in a participant’s 4.3-hour recording with 5 ictal discharges.
Significance
False alarms in the NCSE detection were remarkably reduced using the morphological features
and the proposed 4-class classification model.

38

Chapter 3

1. Introduction
The overload of clinical alarms is reported at the top 10 list of the 2020 health technology hazards by
Emergency Care Research Institute 37. Clinical alarms are important in warning caregivers about serious
changes in a patient’s condition, but an improper alarm system activates excessive invalid and nonactionable alarms. This leads to cognitive overload and even alarm fatigue 16. Alarm fatigue results in a
decreased awareness of relevant clinical changes and a delayed response time of caregivers, which harms
patients’ safety 38,39.

Patients with non-convulsive status epilepticus (NCSE) need timely treatments. NCSE is described as
long-term epileptic electroencephalography (EEG) activities without obvious motor symptoms 40–42. The
delayed interventions of a long-duration NCSE can threaten intensive care units (ICU) patients’ life and
place out-hospital patients in a dangerous situation. Nevertheless, recognizing NCSE is problematic for
clinicians or care-givers because of the unobvious signs. The diagnosis of NCSE is usually confirmed by
reading long-duration EEG recordings, but the real-time visual EEG analysis is costly; thus, a computerassisted analysis system is needed in the NCSE detection. However, we previously found that computerassisted monitoring systems frequently raise false alarms because of over-interpreting three EEG patterns
as seizures (figure 1): abnormal background activity, dense short ictal discharges (EEG activities during
clinical seizures) and continuous interictal discharges (EEG activities between two seizures)

43

. The

frequent false alarms reduce NCSE diagnosis accuracy.

A few previous studies have investigated NCSE detection, but none of them has systematically addressed
the problem of excessive false alarms. James et al. 6 proposed a non-convulsive seizure detection algorithm
applied in ICU and removed “unwanted detections” using three pre-defined thresholds to reduce false
alarms. Unfortunately, the pre-defined thresholds are difficult to be generalized on different datasets.
Yissel et al.

8

used multiway data (tensor) analysis to detect non-convulsive seizures. To reduce

misclassifications caused by participant heterogeneity, they optimized tensor ranks on the first seizure
event of each recording. However, because the seizure patterns of individuals are not consistent 21,43, this
method would result in a suboptimal performance in diverse-pattern seizure detection. Other studies either
presented a high false positive detection rate (0.7 per hour)
concerning false alarms

9,44

7

or did not clearly report performances

.
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In this study, we aimed at reducing false alarms in the NCSE detection in the monitoring of adults and
older children based on our previously found EEG patterns related to false alarms 43. To reduce the false
alarms caused by abnormal background activity that confused time-frequency features, we added
morphological features using visibility graph (VG) analysis

45

to the commonly used time-frequency

features. Besides, we built a synthetic 4-class dataset to train a 4-class classification model to reduce the
false alarms caused by short ictal discharges and interictal discharges that are likely related to the evolution
of NCSE and difficult to be distinguished from ictal discharges by a standard 2-class classification model.

Figure 1. Over-interpreted EEG examples 43.
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2. Dataset & Method
Dataset
In this study, the EEG recordings of adults living in a residential care setting and out-patient children
during NCSE were analyzed. We retrieved clinical records and EEG recordings from 20 participants
diagnosed as NCSE during the period from 2008 to 2016 at the EEG department of Kempenhaeghe, a
specialized epilepsy center in the Netherlands 43. After a recheck on the recordings by a neurologist
specialized in epilepsy, four participants were excluded because of non-traceable EEG recording (n=1),
misdiagnosis for symptoms suspected to be NCSE (n=2), and no consent for scientific research (n=1).
Ictal discharges during NCSE which were longer than 20 seconds were annotated by two independent
raters and categorized into five morphological patterns (“Spike Wave”, “Wave”, “Fast Spike”, “EMG-like
Discharges”, and “Unknown Type”) based on their dominant discharge patterns 32,43. Interrater agreements
were measured using Cohen’s kappa and Fleiss’ kappa 43. Based on the annotations, two participants,
whose ictal discharges were not over-20-seconds in length, were excluded in the analysis. When the
corresponding interrater agreement are extremely low, the annotated ictal discharges are highly debatable;
therefore, we excluded three participants whose annotations had slight or even no inter-agreement
(Cohen’s kappa and Fleiss’ kappa ≤0.01) 33. One participant with many ictal-discharge-like artifacts was
also excluded because its dense artifacts contaminated the training set of classification models. In total,
10 participants’ EEG recordings were analyzed. Figure 2 presents the participant flow chart.

Figure 2. Participant flow chart.
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The EEG recordings were acquired using three different systems (BrainRT, Micromed, and EEG stellate)
with different sampling frequencies (256 Hz, 200 Hz, and 100 Hz). The placements of EEG electrodes
during the recordings slightly differed. We analyzed the data of the 21 electrodes in common among the
recordings (i.e., 19 electrodes in 10-20 system and 2 frontal electrodes: F9 and F10). Five of the 10
recordings were archived into discontinuous time series, whose 5 minutes’ data for each hour without
clinical abnormalities were archived while the clinically relevant periods were completely stored. In
summary, we analyzed around 127-hour EEG recordings with 310 ictal discharges (in total 14-hour ictal
discharges).

Pre-processing
The EEG data were pre-processed to suppress noises and standardize the recordings collected using the
different systems. A band-pass filter with a passband between 0.5 Hz and 45 Hz was applied. The data
were re-referenced to their average value (i.e., the mean value of all the 21 electrodes was subtracted from
each electrode.). The sampling rate of the recordings using the different systems was down-sampled to
100 Hz. Furthermore, the EEG data were segmented into 2.56-second epochs for an efficient-computing
architecture on the hardware used for 24/7 monitoring.

Features extraction
We extracted the commonly used time-frequency and the morphological EEG features. For the features in
the time-frequency domain, we calculated wavelet decomposition (WD) coefficients 7, the mean and
standard deviation of distances between signal peaks and troughs, and the signal sample entropy 46. The
morphological features were extracted using VG methods 47. For each feature per epoch, the feature value
was averaged across all EEG channels.

Wavelet transformation (WT) has been widely used to analyze irregular signals, such as ictal discharges,
because it offers a precise time-frequency presentation via a flexible use of time windows 48. WD is a
computationally efficient method to perform WT by passing signals through pairs of low-pass and highpass filters. The input signals were down-sampled via each pair of the filters. The outputs of the low-pass
and high-pass filters are called approximation and detail coefficients, respectively 48. In our analysis, we
set five pairs of the filters. The cutoff frequencies of the pairs were close to the upper boundaries of five
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brain wave bands (from delta to gamma waves). The sum square and standard deviation of the coefficients
were calculated per EEG channel.

Morphological features have recently been used in epileptic seizure detections 47,49,50. The VG algorithm
proposed by Lucas Lacasa et al. 45 converts time series into a complex network. The network was built
based on the following criterion: two arbitrary samplings’ values have a connection when other samplings’
values between these two do not block their visibility. Horizontal VG (HVG) method is a geometrically
simplified version of the VG method, shown to be able to identify chaotic series

47,51

. In the network

generated by the HVG method, a connection between two data values exists when a horizontal line of
these two data values does not intersect with any height of data value between these two data points. In
addition, Difference VG (DVG) highlights signal peaks and troughs 47,52. The network generated by the
DVG method is composed of the difference between the networks using the VG and HVG methods 52. We
extracted the complex network characteristics as the morphological features for each epoch 53. In complex
networks, each data sampling is called the node of a network, and the number of connections of a node is
called degree. The features included: mean degree (the average degree of all nodes), average shortest path
length (the average number of connections in the shortest chain between two nodes), global efficiency (an
inverse of the shortest path length), the entropy of degree distribution (the complexity of the distribution
of nodes’ degrees), cluster coefficient of the network (the average connectivity of individual nodes in
densely interconnected groups), local efficiency of the network (the average global efficiency computed
on the individual nodes in the densely interconnected groups), and the entropy of nodes’ degree (the
complexity of the node series). Figure 3 shows a diagram about building the complex networks using VG,
HVG and DVG methods and their networks illustration.
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Figure 3. Diagram of the visibility graph methods and their characteristics 45,53.

Feature Selection
To evaluate the value of using the additional morphological features and to prevent overfitting in the
classification models, a minimal number of features were selected from feature sets including and
excluding the morphological features according to a feature rank derived by the correlation-based feature
selection (CFS) method 54,55. The CFS is well known for its two criteria in selecting a good feature subset:
features are highly correlated with classes but not correlated to each other 54. The fast CFS (FCFS) was
proposed to efficiently select features satisfying the criteria

55

. Symmetrical uncertainty (SU) is a

normalized version (ranged from 0 to 1) of the information gain which reflects additional information
about a variable provided by the other variable. A high value of SU indicates a strong correlation between
the two variables 55. A feature is selected if the SU between the feature itself and the class is greater than
both a pre-defined threshold and the SUs between the feature and other features.
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Classification & Post-processing
To reduce the misclassifications whose signal patterns were similar to ictal discharges and hard to be
identified only by the features, we proposed a 4-class classifier to learn the misclassifications of a standard
2-class classification. We developed both the 2-class and 4-class classifiers to compare for their
performances. The development of the 2-class classifier included two stages (figure 4): model training and
testing. The 2-class classifier was evaluated using a leave-one-participant-out cross validation method,
and the left-out participant recording was used for testing. The construction of the proposed 4-class
classifier involved three stages (figure 5): model training, validation and testing. We used the same cross
validation method to evaluate the 4-class classifier. The left-out participant recording was used for the
validation and testing stages. Given the individual participants’ heterogeneous demography which affected
their EEG presentation, we used 25% of the left-out participant recording to optimize the trained 4-class
classifier through setting a personalized threshold in the validation stage, and 75% of the recording were
tested in the testing stage. If the recording used in the validation stage does not include any ictal discharges,
5% would be iteratively added on the 25% until ictal discharges were included.

Figure 4. General workflow of the standard 2-class classification method.
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Figure 5. General workflow of the proposed 4-class classification method.
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In the training stage of the 4-class classifier, a synthetic 4-class dataset was built based on the evaluation
of the 2-class classifier. Due to the imbalance proportion of ictal discharges and non-ictal discharges in
the NCSE dataset, we used a binary RUSBoost classifier that outperforms an AdaBoost classifier in
dealing with imbalance classification problem 56. The RUSBoost classifier down-sampled epochs in the
non-ictal class (the majority class) based on the principle of AdaBoost, where the number of “hard”
instances are iteratively increased during the classifier training

56,57

. Using a 10-fold cross validation

method, the classified epochs were evaluated as the four categories: correct classifications of ictal
discharges, misclassifications of ictal discharges, misclassifications of non-ictal discharges (false alarms),
and correct classifications of non-ictal discharges. The four category epochs were labelled with “Ictal”,
“Suspected Ictal”, “Suspected Non-ictal”, and “Non-ictal” and composed the synthetic 4-class dataset.

3

Furthermore, a 4-class RUSBoost classifier was trained on the 4-class dataset.

We quantified the epochs in the four classes by gradual values ranging from 0 to 1 based on the possibility
of ictal discharges. “Ictal” and “Non-ictal” classified epochs were valued as 1 and 0, respectively, because
of the uniform judgement of ictal discharges or non-ictal discharges by both the binary classifier’s results
and the human raters. The value of the “Suspected Ictal” classified epochs was expected to be greater than
the value of the “Suspected Non-ictal” given that the human raters considered the “Suspected Ictal”
classified epochs as ictal discharges, even though the 2-class classifier suspected that they were not. In
other words, the possibility of ictal discharges in the “Suspected Ictal” class was greater than the
“Suspected Non-ictal” class. To quantify these two classes by exact values, we trained a regression model
using the features of each participant recording in the training set (the independent variables) and the best
performed pairs of the two class values (the depended variables). Given that we only had nine participant
recordings to train the regression model, we used a gradient boosting model with least square loss function,
which is a form of an ensemble of weak learners as the AdaBoost and robust for data including outliers58.
In the validation and testing stage, the two class values of each 20-second EEGs were predicted by the
gradient boosting model.

NCSE is often a process developing over a long period, and the alarm value of each epoch was affected
by its neighbour epochs. We defined the epochs within a time window of 10 seconds before and after the
current epoch as its nearest neighbours that have more impact than the others. We assigned the epoch itself
and its neighbour different weights that gradually dropped from the epoch. If the sum of the weighted

47

epoch values is higher than the personalized threshold, an alarm will be provoked. In the validation stage
of the 4-class classifier, the personalized threshold was automatically selected when the best performance
was reached. In the testing stage, the selected threshold was used, and we muted the alarm system for 2
minutes to simulate real actions taken by clinicians against false alarms when the duration of false alarms
was longer than 20 seconds.

Evaluation
The classification models were evaluated in the form of event-detections instead of epoch-detections
because seizures are events that most often extend over individual epochs, and event detection satisfies
the requirements of clinical practice. We considered event detection as the onset detection of ictal
discharges. Empirically, we set two minutes as our evaluation buffer time according to the regular check
duration of clinicians. When the system reported an alarm within the period of two minutes before and
after the annotated ictal onset, a true positive event was counted. Any missed detection of ictal discharges
inside or outside the mute periods was counted as a false negative event. Given that the majority of the
NCSE recordings were non-ictal discharges, we grouped them into 2-minute units. Namely, each 2
minutes of correctly classified non-ictal discharges was counted as a true negative event.

Given that the evaluation using Receiver Operator Characteristic (ROC) curves is over-optimistic in a
severely imbalanced classification problem 59, we used Precision-Recall (PR) curves for a performance
comparison of the proposed 4-class and the standard 2-class classification models trained on feature
subsets with and without the morphological features. Through changing the value of the personalized
threshold that provoked the alarm, the different values (from 0% to 100%) of the recall and their
corresponding values of the precision were generated for the PR curves. Because the precision does not
linearly change with the varied levels of recall, and a linear interpolation between two points in the PR
space causes overestimation of performances, we used the precision interpolation method proposed by
Jesse Davis and Mark Goadrich 59. The area under the PR curve (AUC) was approximated by a composite
trapezoidal method. The best performed model was selected according to the comparisons using the mean
value and the standard error of the individual participants’ PR curves and the AUC. Empirically, a
sensitivity of at least 80% is accepted by clinicians in practice. We additionally compared the precision of
the models at the sensitivity level.
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Several metrics of the selected model were calculated for a performance evaluation in the testing stage.
The metrics are accuracy, sensitivity (recall), specificity, precision, F1 score, and false positive rate. Given
that half of our recordings were not continuous, we did not calculate false positive detections per hour
(FPD/h) that was defined in previous research as a ratio between the number of false alarms and the
duration of testing set in hours 6,7.

3. Results
Dataset and interrater agreement
Ten participants with NCSE who ranged in age from 6 to 27 were included in this study. The average age
was 18 years with a standard deviation of ± 6 years. Their historical clinical signs and the seizure histories
were, for example, panic, laughing, impaired awareness, myoclonias, tonic-clonic seizures, tonic seizures,
atonic seizures, automatisms seizures, cardio-facio-cutaneous syndrome, ring chromosome 20 syndrome,
automatic behavior, and atypical absences. Figure 6 presents an overview of the demographics and the
recording characteristics. In our dataset, most of the recordings were longer than 1 hour and included
sleeping phases. Spike Wave pattern was the dominant ictal morphological pattern in seven recordings.
The interrater agreement was moderate (Cohen’s kappa = 0.48±0.26; Fleiss’ kappa =0.60±0.21). The
details about the individual participant demography and their recordings are provided in Appendix A.
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Figure 7. Overview of the participant demographics and the
recording characteristics.

Figure 6. Feature rank. The features whose symmetrical uncertainty (SU) were
greater than 0.91 were listed here. The feature subset including the morphological
features were marked in orange, and the feature subset including the time-frequency
features were marked in green.
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Features
Features were ranked using the FCFS method, and the features whose SU value was greater than 0.91 are
listed in figure 7. The top 11 features were remarkably all from the morphology domain. The first three
features—the entropy of nodes’ degree generated by VG, HVG, and DVG methods—were selected as the
feature subset including the morphological features when SU value was greater than 0.94. These three
features were relevant but addressed different aspects: the complexity of the degree series using the basic
complex network, the chaos-discriminated network, and the network highlighting topological peaks and
troughs of time series. The six features—the signal entropy, the standard deviation and mean of distances
between signal peaks and troughs, and the standard deviation of the detail coefficients of Alpha, Beta and
Theta brain wave band—were selected as the feature subset excluding the morphological features when
SU value was greater than 0.91.

3

PR curves
PR curves were used to compare the proposed 4-class and the standard 2-class classification models
trained on the two feature subsets with (figure 8) and without (figure 9) the morphological features. Using
the feature subset with the morphological features, the AUC of the 4-class classifier (0.80) was greater
than the 2-class classifier (0.67). At the 80% sensitivity level, the precision of the 4-class model was 68%
which is higher by 4% than the 2-class model (64%). Using the feature subset without the morphological
features, the AUC of the 4-class classifier (0.71) was greater than the 2-class classifier (0.50). The
precision of the 4-class model was 66% which is higher by 15% than the 2-class model (51%) at the
sensitivity level. Besides, the standard error band of precision using the 4-class classifier was generally
narrower than using the 2-class classifier trained on the two feature subsets. This indicates that the 4-class
model is a generalized method for individual participants to increase the precision. Given the above
comparisons, the 4-class classifier trained on the feature subset with the morphological features was
selected as the best performed model.
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Figure 8. PR curves of the models trained on the feature subsets with the morphological features.

Figure 9. PR curves of the models trained on the feature subsets without the morphological features.
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Performances in the testing stage
Table 1 presents the performances of the 4-class classification model using the morphological features
evaluated on the individuals’ testing sets. The testing sets included 81.4-hour recordings with 84 ictal
discharges. The average performances of individuals and their standard deviation were: an accuracy of
95% ± 7%, a sensitivity of 93% ± 12%, a specificity of 92% ± 15%, a precision of 55% ± 30%, a false
positive rate of 8% ± 15%, and a F1 score of 0.64 ± 0.22. The performance for the participant 15 was the
best with 100% accuracy in the detection of 5 ictal discharges in a 4.3-hour recording. The average
values and standard deviations of the epochs classified as “Suspected Non-Ictal” and “Suspected Ictal”
were 0.15 ± 0.03 and 0.36±0.04, respectively. These average values met our expectations and indicated
that the epochs in the “Suspected Non-Ictal” and the “Suspected Ictal” classes had respectively 15% and
36% possibility of ictal discharges on average.

3

Table 1. Individual participant performance of the 4-class classification model using the morphological features.
Testing set information
Participant

Number of
ictal
discharges

Recording
duration
in hours

Continuous

Average of the predicted
epoch value of two
synthetic classes

Performance metric
Accuracy

Sensitivity

Specificity

Precision

False
positive
rate

F1 score

"Suspected
Non-ictal"

"Suspected
Ictal"

#1

2

0.6

Yes

75%

100%

50%

67%

50%

0.80

0.16

0.40

#4

9

6.6

Yes

98%

78%

98%

70%

2%

0.74

0.15

0.36

#5

8

2.2

Yes

94%

100%

93%

53%

7%

0.70

0.16

0.31

#6

3

7.8

Yes

99%

67%

100%

100%

0%

0.80

0.16

0.40

#7

38

16.3

Yes

94%

82%

95%

51%

5%

0.63

0.16

0.31

#8

2

13.6

No

98%

100%

98%

20%

2%

0.33

0.16

0.37

#11

2

7.5

No

97%

100%

97%

20%

3%

0.33

0.07

0.40

#12

11

12.5

No

97%

100%

97%

50%

3%

0.67

0.11

0.32

#14

4

9.9

No

96%

100%

96%

24%

4%

0.38

0.16

0.36

#15

5

4.3

No

100%

100%

100%

100%

0%

1.00

0.16

0.37

Mean ±
Std

8.4
±10.9

8.1
±5.0

95%
±7%

93%
±12%

92%
±15%

55%
±30%

8%
±15%

0.64
±0.22

0.15
±0.03

0.36
±0.04
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4. Discussion
Only few works have addressed the false alarm problem of non-convulsive seizure detection systems. In
this study, we extracted the morphological features using the VG methods to reduce the false alarms
caused by abnormal background activity and proposed the 4-class classification model—“Non-ictal”,
“Suspected Non-ictal”, “Suspected Ictal”, and “Ictal”—to reduce the false alarms caused by short ictal
discharges and interictal discharges. The 4-class classification model using the morphological features
improved the performances, especially the precision, of the standard 2-class model.

Using morphological features is helpful in distinguishing ictal discharges and other similar EEG
background signals (e.g., K-complexes, triphasic waves) that are not epileptiform 60. The morphological
features of ictal discharges were highlighted in complex networks: VG methods convert periodic ictal
discharges into regular networks 45; different morphology-patterned signals (e.g., Spike Wave and Wave)
can be clearly distinguished by the individual network characteristics 47. In our NCSE dataset, the majority
of ictal discharges had Spike Wave or Wave patterns despite the clinical heterogeneity of the population.
This might explain the critical role of morphological features in the NCSE detection.

Context-sensitivity is important in NCSE detection given that NCSE is by definition a relatively lasting
process contrary to the often short length of the epochs in computer programs. For example, previous
studies 6,8 considered the classification results of all epochs within 5 or 10 minutes before the current epoch
for an alarm decision-making. In our study, we considered both past and future neighbour epochs (10
seconds before and after the current epoch) because both sides play a role in the interpretation of the
current epoch, and a 10-second alarm delay does not act as a barrier in the treatment of patients with NCSE.
Besides, short ictal discharges and interictal discharges are confused for ictal discharges by the features
because of ambiguities in the EEG manifestations of seizures 36. The two additional synthetic classes—
“Suspected Non-ictal” and “Suspected Ictal”—diminished the ambiguities caused by similar
manifestations of ictal and interictal processes (an increase of 0.21 AUC and 15% precision at the
sensitivity level of 80%).
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We could not compare our results with other previous studies in NCSE detection because these (6–8) only
reported the FPD/h as the performance metric of false alarms instead of precision that is a commonly used
and more representative measure. The FPD/h was not calculated in our study due to some discontinuous
datasets and its high dependence on recording durations. We used sensitivity and precision because of the
low incidence of ictal events.

There are some limitations in our study. The participants included in this study were outpatients (adults
and older children) with chronic seizures and brain development disorders; hence, the NCSE detection
conclusions do not extend beyond this population. Future work should aim at infants and very young
children whose NCSE presence is more common but EEG interpretation is challenging because of
different seizure semiology and the corresponding changes of EEG signs in the rapid anatomic and
physiological developing brain 61. A small number of participants’ recordings were investigated in our
study, because the incidence of NCSE is relatively low among patients with epilepsy, for example, a study
62

reported that only 6.7% of the 65 cases, who had epileptologist-confirmed status epilepticus, had NCSE.

Besides, the overall interrater agreement of our dataset was moderate (Cohen’s kappa = 0.48±0.26; Fleiss’
kappa =0.60±0.21), and in the three excluded participants, slight or even no agreement was found (Cohen’s
kappa and Fleiss’ kappa ≤0.01). This low agreement is not rarely seen in NCSE datasets given the clinical
heterogeneity and therefore variable EEG manifestations that prevent uniform definitions 20,43. The low
agreement further limited the number of participants’ recordings available for analysis. Some
discontinuous datasets were included in our system given the relative small number of the available
participants’ recordings. These discontinuous datasets could have influenced the performance of our
system to some extent, such as increasing the sensitivity but extremely decreasing the precision (e.g., the
lowest precision (about 20%) presented in the three discontinuous recordings in Table 1). This may be due
to the selection of clinical abnormal EEG segments based on the clinical reports. We expect that the
performance of our model can be further improved by inclusion of more continuous recordings. Although
the performance was improved using the morphological features, the straightforward computation of VG
method is energy-time-consuming; thus, the computation should be further optimized for daily uses of
wearable monitoring devices in future. Besides, we used the average of all EEG channels as the basis for
our features. This averaging of features reduced the need for storage of individual-channel features and
decreased the demands for large computing memory. However, the averaging may lead to a suboptimal
sensitivity in participants with focal ictal discharges (e.g., participant 4 and 6). An efficient computing
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method based on the individual-EEG-channel features should be investigated in the future. Even though
our model generally performed well, the precision of some recordings (participant 8, 11 and 14) with high
frequent interictal or a large number of ictal-like discharges was still lower than 50% and caused the
standard deviation of 30%. Future work should focus on reducing false alarms during these situations.

5. Conclusion
Recurring false alarms in the computer-assisted NCSE monitoring may lead to alarm fatigue and harm
patients’ safety. We improved the NCSE detection performances and especially reduced false alarms by
using the morphological features of spike-waves and waves, and a context-sensitive 4 class classification
model.
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22

#15

F

M
M
M
M

F

M
M
M
M

Sex

7,2

18,2
10,1
16,7
18,0

21,7

0,8
8,8
2,9
22,3

Duration
(h)

Yes

Yes
Yes
Yes
Yes

Yes

Yes
Yes
No
Yes

Sleep
Period
Recorded?

Recordings

No

No
No
No
No

Yes

Yes
Yes
Yes
Yes

Continuous?

38

13
37
33
35

118

2
15
14
5

Number of
Ictal
Discharges

1,9

1,3
1,1
0,5
5,6

0,8

Duration
of Ictal
Discharges
(h)
0,7
0,8
0,4
0,6

Generalized

Focal
Generalized
Generalized
Generalized

Generalized

Generalized
Focal
Focal
Focal

Generalized
or Focal?

1%

99%

0%

0%
0%
0%
0%

17%

8%
100%
36%
44%
0%

71%

0%
59%
97%
100%

100%
100%
0%
99%
3%
98%
87%
100%

0%
0%
100%
0%

Wave

Spike
Wave

Fast
spike

1%

0%
0%
0%
0%

0%

0%
6%
0%
0%

EMG-like
discharges

Proportion of Ictal Dischargesᵃ

Ictal Discharges

ᵃ The different morphological patterns of the same Ictal Discharges labelled by raters were both as the patterns.

20

27
22
20
18

#8
#11
#12
#14

6
12
21
16

#1
#4
#5
#6

#7

Age

Participant

Patient
Info

Appendix A Detailed demographics and recording characteristics of individual participants

0%

0%
0%
0%
0%

8%

0%
14%
0%
0%

unknown
type
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Freezing of gait (FOG) is common and debilitating in Parkinson’s disease (PD)

12

, and

significantly contributes to the occurrence of falls 63. To prevent falls and fall-related injuries,
timely detection of FOG in clinical practice is needed, as this can be the start of tailored
interventions 64. However, provoking FOG in a clinical environment is challenging, for several
reasons. First, freezing is provoked by constraints in the physical environment, and the typically
wide and well-lit hospital corridors are not ideal to provoke FOG. Moreover, clinicians are
usually on a tight schedule and do not always have time to perform a complete FOG-provoking
test battery 65. It is therefore important to identify the most effective task to provoke FOG.
Stepping in place and rapid turning on the spot are both effective ways to provoke FOG 66–69.
However, these two tests have not been compared back to back. Moreover, it is unknown
whether combining both tests yields a higher sensitivity than either test alone.

To answer these questions, we included 16 patients with PD and subjective experience of daily
FOG, as determined using the N-FOGQ 70. Mean age of these patients was 70 years (range 51–
89 years), with a mean disease duration of 10 years (range 3–20), mean MDS-UPDRS
subsection III score of 36 (range 24–49) and mean N-FOGQ score of 19 (range 10–25). Hoehn
and Yahr staging showed a modal score of 2 (range 2–4). All patients were examined in a
practically defined OFF state, i.e., >12 hours after intake of the last dose of dopaminergic
medication. The following tasks were performed once by each patient, for 30 seconds each: (a)
stepping in place at self-selected speed; (b) making a rapid half turn (180◦) in place; and (c)
making a rapid full turn (360◦) in place. The order of these taskswas balanced across patients.
Between these tasks, a short rest period of five seconds was provided to give patients time to
refocus on the next task. During the turning tasks, participants were instructed to perform
ongoing half or full turns in alternating direction (leftwards and rightwards) by making small
steps on the spot. Patients always started with a rightward turn. Measurements were videotaped
for offline visual analysis, by two experienced raters.

All patients understood the test instructions and could perform all test conditions. Freezing was
defined as an unintentional and episodic phenomenon during which no effective stepping
movements were made 71. The raters reached a perfect degree of agreement for presence of
FOG within each task (agreement 100%, Cohen’s kappa = 1). Overall, FOG was provoked in
15 out of 16 patients (93,8%). Hence, in one person, no FOG was elicited in all tasks. Both
61
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rapid half and rapid full turning in place provoked FOG in 14 patients (sensitivity of 0.88; CI
0.71–1.04). During the stepping in place condition, FOG was provoked in only six patients, and
this test was significantly less effective in provoking FOG than both turning tasks (37.5% for
stepping in place versus 87.5% for turning; Wilcoxon’s Z = –2.828; p = 0.005). Combining
both turning tasks elicited freezing in 15 patients, with a sensitivity of 0.94 (CI 0.82–1.06).
Adding the stepping in place test to each turning test did not increase the sensitivity of
provoking FOG.

We found that stepping in place had a sensitivity of 0.38 to provoke FOG, which is lower than
in previous work (sensitivity of 0.87) 66. As study populations were largely comparable in both
studies, this discrepancy may be explained by task duration, because Nantel and colleagues 66
instructed their patients to perform the stepping test for a period of 300 seconds (three times
100 seconds), whereas we used a much shorter time frame of 30 seconds (this was done on
purpose, with the aim of developing a brief test that would be feasible for use in a busy daily
clinical practice). In contrast to the stepping in place test, our findings on the effectiveness of
full rapid turns to provoke FOG (with a sensitivity of 0.88) are in accordance with two previous
studies, which reported sensitivities of 0.64 and 0.65 67,69. One of these studies reported that
rapid full turns were superior to rapid half turns in provoking FOG 69, but we could not replicate
this finding. This discrepancy may be explained in two ways. First, in the study of Snijders and
colleagues 69, half turns were performed at the end of a walking trajectory, while full turns were
performed from standstill. In our study, both half and full turns in place were performed from
standstill and were not preceded by a walking trajectory. This hampers a clean comparison
between turning angles and its effectiveness to provoke freezing. Second, and perhaps more
likely, we included more severe freezers (as measured with the N-FOGQ) compared to Snijders
and colleagues 69. In severe freezers, rapid half turns may already be challenging enough to
provoke FOG, whereas rapid full turns may be more effective in those with relative mild FOG.
In line with previous findings 69, our results indicate that task repetition (combining rapid full
and rapid half turns) yields a higher sensitivity of provoking FOG.

It should be noted that all patients were measured after withdrawal of dopaminergic medication.
Future studies could evaluate the sensitivity of the turning tasks when patients are ONmedication, and in patients with less severe FOG. When aiming to provoke FOG in daily
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clinical practice (when the available time for physical examination is limited), we recommend
to ask the patient to make rapid alternating 180 or 360 degrees turns on the spot (360 degrees
being preferred for patients with milder freezing), and to repeat this when the first result is
negative.
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Adapted from Wang et al. [2020], submitted
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Abstract

Freezing-of-gait a mysterious symptom of Parkinson’s disease and defined as a sudden loss of
ability to move forward. Common treatments of freezing episodes are currently of moderate
efficacy and can likely be improved through a reliable freezing evaluation. Basic-science
studies about the characterization of freezing episodes and a 24/7 evidence-support freezing
detection system can contribute to the reliability of the evaluation in daily life. In this study, we
analyzed multi-modal features from brain, eye, heart, motion, and gait activity from 15
participants with idiopathic Parkinson’s disease and 551 freezing episodes induced by turning
in place. Statistical analysis was first applied on 248 of the 551 to determine which multi-modal
features were associated with freezing episodes. Features significantly associated with freezing
episodes were ranked and used for the freezing detection. We found that eye-stabilization speed
during turning and lower-body trembling measure significantly associated with freezing
episodes and used for freezing detection. Using a leave-one-subject-out cross-validation, we
obtained a sensitivity of 97% ± 3%, a specificity of 96% ± 7%, a precision of 73% ± 21%, a
Matthews correlation coefficient of 0.82 ± 0.15, and an area under the Precision-Recall curve
of 0.94 ± 0.05. According to the Precision-Recall curves, the proposed freezing detection
method using the multi-modal features performed better than using single-modal features.
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1. Introduction
Freezing of gait (FOG) is a common clinical symptom observed in the moderate and advanced
phase of Parkinson’s disease and defined as a “brief, episodic absence or marked reduction of
forward progression of the feet despite the intention to walk” 12. The sudden absence of the
ability to move forward could lead to frequent falls, and the associated physical and
psychosocial consequences (e.g., a bone fracture, a head injury, and fear of falling) have a huge
impact on patients’ quality of life 13. Nevertheless, common treatments for freezing episodes
are of moderate efficacy, such as the resistance to dopaminergic treatment and ineffectiveness
of continuous external rhythmic cues 12–14. The freezing treatment can be improved through a
reliable freezing evaluation. A barrier to the reliable evaluation is the unpredictable,
idiosyncratic, and episodic nature of freezing episodes 71. An online evidence-support freezing
monitoring system, which detects or predicts the spontaneous freezing episodes when or before
they occur, can contribute the reliability of freezing evaluation in daily life; for example,
external cues could be triggered on demand to help individuals overcome freezing episodes in
daily life.
Physiological features extracted from wearable sensors play a key role in the monitoring of
freezing episodes. Physiological signals reflecting the function of motor, cognitive, and
autonomic nervous system were found to be related with freezing episodes in previous studies
72–75

.

The function of the motor system is normally measured by three-dimensional (3D) gyroscopes
and/or accelerometers placed on the lower body. A well-known feature “freeze index” are
commonly used to describe the trembling of individual’s lower body parts during movements
72

, and the value of freeze index increased during freezing episodes 76. A previous study

76

proposed an online freezing detection system using the freezing index feature and achieved a
sensitivity of 73% and a specificity of 82%.
Brain activity extracted from scalp electroencephalography (EEG) signals was mainly
investigated by a group of researchers 73,77,78. They asserted a significant increase of theta-wave
band (4-8 Hz) power in EEG signals between the central and frontal electrodes 73. Based on the
spatial, spectral, and temporal features of EEG signals, offline freezing detection 77 or prediction
78

systems were developed from a manually selected EEG dataset including 400-s signals from
67
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each individual phase of freezing episodes: normal walking, transition, and freezing episodes.
The function of autonomic nervous system was captured by the signals of electrocardiography
(ECG) and/or galvanic skin response sensors 74,75. Heart rate extracted from ECG signals was
found to considerably increase before and during freezing episodes 74. The galvanic skin
response signals showed a significant increase before freezing episodes, and a corresponding
offline system predicted freezing episodes 4 s on average before they happened with a
sensitivity of 71% and a precision of 65% 75.
However, earlier research

73,74

only explored the difference among the phases of freezing

episodes (normal walking, transition, and freezing episodes). This comparison method, which
does not consider the baseline movement condition (such as, turning, standing, and walking),
may introduce movement artefacts caused by experiment tasks sensitive to trigger freezing
episodes 79. For example, the changes of the brain activity or the heart rate may be caused by a
transition from normal walking to turning instead of a freezing episode. Moreover, the studies
about online monitoring systems for daily use are scarce, and challenges in accurate freezing
monitoring still exist given the movement artifacts in the physiological signals and highly
heterogeneous clinical symptoms in individuals 15,76.
A reliable FOG evaluation is still difficult, especially in daily life. More basic science and
engineering research is therefore desired to improve the reliability of freezing evaluation. In
our preliminary study 80, we proposed an online multi-modal freezing system to detect freezing
episodes in daily life. The system used brain activity extracted from EEG signals and motion
activity extracted from accelerometer signals, and we found improved freezing detection
performance compared to single-modal detection systems. In this research, we took two steps
further to improve the reliability of the freezing detection system through combining a basic
science and a applied science study: (1) To be supported by evidence, we applied statistical
tests to determine whether the following multi-modal physiological activities are significantly
associated with freezing episodes―eye movements, brain, heart, motion, and gait activity―and
to check whether the earlier findings about brain 73 and heart activity 74 can be duplicated when
the baseline movement condition is considered. (2) We applied the findings of step (1) in the
development of an online freezing detection system.
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2. Method
Ethical approval
This cross-sectional study was ethically approved by the Dutch committee on research
involving human participants [Arnhem-Nijmegen region (NL60942.091.17)] on 4th May 2017,
and the experiment conformed to Declaration of Helsinki, and all participants provided
informed consent.
Participants
We recruited 17 participants with idiopathic Parkinson’s disease and experiencing daily
freezing episodes. The participants were clinically examined to evaluate their clinical
characteristics: the subsection III of Movement Disorders Society‐Unified Parkinson’s disease
Rating Scale (MDS-UPDRS III; including Hoehn and Yahr stage) 81–83 to examine the
movement performance, New freezing of Gait Questionnaire (N-FOGQ) 70 to quantify
freezing of gait severity, Mini-Mental State Examination (MMSE) 84 to measure cognitive
impairment, and Frontal Assessment Battery (FAB) 85 to evaluate the frontal lobe
performance. We included the participants who experienced regular freezing ("very often,
more than one time a day" in the freezing frequency section of N-FOGQ 70) in the past month
and were able to walk 150 m independently. The participants with comorbidities that cause
severe gait impairment and severe cognitive impairments (the score of a MMSE 84 <24) were
excluded.

Fifteen of the 17 participants’ data were collected in the study because the other two participants
were unable to walk or keep balance independently during the experiments. The experiment
data is shared and can be accessed via https://doi.org/10.34973/69k4-sf39. The age of the 15
participants ranged from 51 to 89 years. Their Parkinson’s disease duration ranged from 3 to
20 years, and their clinical characteristics were from 24 to 49 of MDS-UPDRS III, from 2 to 4
of the Hoehn and Yahr stage, from 10 to 25 of the N-FOGQ, from 24 to 30 of the MMSE, and
from 14 to 18 of the FAB. Fourteen participants reported in the N-FOGQ that they experienced
freezing during turning in daily life, and eight participants had more than one freezing episode
during turning each day.
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Study paradigm
Participants were assessed in the dopaminergic OFF-medication state, after 12 hours of
medication withdrawal. Given that freezing episodes are most sensitive to turning conditions
86

, the data were collected during two turning tasks: 180-degree alternative turning at a self-

selected speed and at a rapid speed. To efficiently provoke freezing episodes during the turning
tasks 67, the participants were asked to turn by making small steps on the spot instead of using
big steps or a pirouette. An example of the turning task including a freezing episode is shown
in the supplementary multimedia file. For each turning task, participants kept alternatively
turning for 2 minutes, and each task was repeated maximal five times.
Freezing annotations
Freezing episodes were annotated by two independent raters based on the videos taped during
the tasks. Two video cameras: a GoPro Hero5 with a fisheye effect and a Sony HDR video
camera were placed in the front and on the side of the participants, respectively. The two raters
annotated freezing episodes and unexpected movements, such as sudden stops caused by other
reasons than freezing episodes, based on the videos from the camera in the front. The videos
from the camera on the side were used to assist the raters on uncertain freezing episodes.
The raters used an open-source annotation software (ANVIL 87) for the annotations and had a
substantial interrater agreement on the freezing annotations with 92% in percent-agreement and
0.78 in Cohen’s kappa. A third rater made the final decision when the two raters disagreed on
some annotations. Consequently, 551 freezing episodes during turning were agreed by the
raters. The duration of the freezing episodes was from around one second to two minutes with
a median duration of 3 s.
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Figure 1. Multi-modal sensor placement: (A) An example of a participant during the experiment. A
video example about how participants executed the turning task. (B) The illustration of the sensor
placement whose signals were analyzed in this study.
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Multi-modal signal collection
Multi-modal physiological signals of the participants were acquired during the tasks using an
EEG cap (actiCAP, Brain Products GmbH) and a 32-channel portable system (Porti, Twente
Medical Systems International B.V.). The EEG cap collected 60-channel EEG signals for brain
activity and 4-channel electrooculography (EOG) signals for eye movements with a sampling
rate of 500 Hz. The Porti system collected ECG signals for heart activity, 3D accelerometer
signals above knees and ankles for motion activity, and footswitch signals for gait activity with
a sampling rate of 512 Hz. For further analysis of signals, the ECG, accelerometers, and
footswitches signals collected from the Porti system were down-sampled to 500 Hz in
alignment with the EEG and EOG signals. The placement of the above mentioned sensors are
presented in figure 1.

Figure 2. An overview of the multi-modal features and the simplified workflow of the study:
characterizing and detecting freezing of gait (FOG).

72

Chapter 5

Physiological features in multiple modalities
Physiological features were extracted from the signals of each modality. An overview of the
multi-modal features is shown in figure 2.
(1) Brain activity (EEG signals)
Given the abnormal patterns in theta-band oscillations during the evolution of freezing
episodes reported in the previous study 73, we calculated the power spectra within the theta
band (4-7 Hz) from the EEG signals of the frontal-central channel (a subtraction between the
signals of two electrodes: Fz and Cz). The raw signals were preprocessed using a low-pass
filter (0.5-45 Hz). The power spectra were calculated using wavelet transformation with the
Morlet wavelet 88.
(2) Eye movements (EOG signals)
During turning, quick and slow phases of the eye movements were observed consecutively,
which represent the gaze shift for turning guidance and gaze stabilization (vestibulo ocular
reflex), respectively. In this study, we analyzed the slow-phase velocity which indicates the
speed for gaze resetting during turning and is defined as the first derivate of the horizontal
EOG signals during the slow phases. The raw EOG signals were smoothed through a lowpass filter with a cutoff frequency of 30 Hz and a median filter with a window of 50 ms. In
addition, the baseline drift of the signals, which is reconstructed from the coefficients of
wavelet decomposition at the 10th level, was removed to minimize noise 89. The slow phases
were detected using a well-performed K-means clustering algorithm, Cluster Fix 90.
(3) Heart activity (ECG signals)
Heart rate for the heart activity was estimated from the 3-lead ECG signals. The baseline drift
of the ECG signals was removed through the wavelet decomposition 89, and the R-peaks were
detected by the widely used Pan-Tompkins algorithm 91. The number of R-peaks within 1
minute is the heart rate (unit: bpm). To suppress movement artefacts and the noise of ECG
signals, we calculated the heart rate measures of each ECG channels and treated the median
heart rate as the value of heart rate per minute.
(4) Motion activity (accelerometer signals)
The values of freezing index were calculated from the 3D signals of accelerometers placed
above knees and ankles to describe the motion activity of the lower body. Freezing index
describes individual’s trembling amplitude during movements and is defined as the ratio
between the absolute power within 3–8 Hz for trembling and within 0.5–3 Hz for locomotion
72,76

. The power spectrum was calculated using the wavelet transformation with the Morlet
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wavelet 88. A sliding window of 2 s was used to calculate the freeze index at each sampling
point (the window centered at the sampling point).
(5) Gait (footswitch signals)
Stride duration is a parameter to estimate the duration of a complete gait cycle (a cycle of
both feet leaving and then striking the floor). In this study, we studied the gait cycle during
turning. The status of each foot (leaving or striking the floor) was decided according to which
of the footswitches on the ball of the foot was active (i.e., which parts of the foot touched the
floor). The footswitch activation was determined through the comparison between the
footswitch signals and a predefined voltage threshold matrix (offered by Twente Medical
Systems International B.V.). Given the different foot-contact-floor patterns of individual
participants, we define different set of switches for each individual participant to determine
whether the foot contacted the floor. The setting of the key switches for individual
participants was validated through visually checking their foot status in the taped videos.

Statistical analysis
We used a two-sided t-test with a significance level of 0.05 to determine whether the means of
two groups―physiological features before and during freezing episodes, and physiological
features during normal movements (successful turning)―are significantly different, in other
words, whether physiological features are significantly associated with freezing episodes. The
multimodal physiological features were normalized across episodes to adjust the feature values
on the different scales of participants and episodes.

Features from the 10th s before the freezing onsets to the 3rd s after the freezing onsets were
analyzed because the median duration of the 551 freezing episodes was 3 s in our study, and
we assumed that the value of a feature preceding a freezing episode with more than 10 s was
not affected by the upcoming freezing episode. The corresponding feature segmentations in the
normal-movement group were identified according to the phase angles of turning at the 10th s
before the freezing onsets. The phase angles of turning were calculated using the Hilbert
transformation
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from the slow-phase velocity indicating gaze stabilization during turning.

Figure 2 presents the illustration of the segmentations in the freezing (the red band in figure 2)
and normal-turning (the green band in figure 2) group. In addition, only one freezing episode
was included in the segmentations of the freezing group to suppress the influences of other
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freezing episodes, and no freezing episode was included in the corresponding segmentations of
normal-movement group to minimize the effect of freezing episodes.

Given that we explored the changes of physiological features along the evolution of freezing
episodes, we visualized the t-test through showing the mean and the 95% confidence intervals
(mean ± standard error X 1.96) at each sampling point of the segmentations in the two groups.
When the 95% confidence intervals of a physiological feature in the two groups does not
overlap at a sampling point, the physiological feature is significantly associated with freezing
episodes at the sampling point with the p-value < 0.05.

Freezing of Gait Detection
The physiological features significantly associated with freezing episodes were used for the
development of the freezing detection system. To prevent overfitting in the classification and
improve the classification performances, we further ranked these features through the fast
correlation-based feature selection method 54,55. In the feature selection method, symmetrical
uncertainty, calculated as the normalized information gain between two variables and ranging
from 0 to 1, estimates the correlations between features, and between features and classes 54. A
feature was selected when the symmetrical uncertainty between the feature itself and the classes
was greater than 0.85 and the symmetrical uncertainty between the feature itself and other
features.

The multi-modal features were extracted through a 50%-overlapping sliding window of 2.56 s
from the pre-processed signals. The length of epochs, 2.56 s, was set given the requirement of
an efficient-computing hardware architecture for a long-term real-time freezing detection
system. Epochs were classified using a RUSBoost classifier, which is a commonly used
classifier for solving an imbalance-class problem 56. A freezing episode was detected (a true
positive event) or not (a false negative event) based on whether any epoch was classified as the
class of freezing episodes within the period from 3 seconds before the freezing onset to the
freezing offset. The 3 seconds before the onsets was set as a buffer duration for strict freezing
annotations. In addition, we treated each correctly and wrongly classified epoch in the class of
normal movements as a true negative and false positive event, respectively. The detection
system was evaluated using the leave-one-subject-out cross-validation method for the 15
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participants. The performance of the freezing detection was estimated by its sensitivity,
specificity, precision, and Matthews correlation coefficient (MCC) which is a correlation
between true events and detected events, and a more reliable performance metric than accuracy
and F1-score on imbalanced datasets 93.

We compared the performances of multi-modal (using features in multiple modalities) and
single-modal (using features in only one modality) freezing detection systems through
estimating Precision-Recall curves
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and analyzing the values of MCC using a Wilcoxon

signed-rank test . Precision-Recall curves can avoid the over-optimism of Receiver Operator
94

Characteristic curves in the severely imbalanced freezing classification problem
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. The

different values of the recall (sensitivity) and their corresponding precision values were
generated through changing the threshold of the scores of each epoch in the RUSBoost classifier.
Moreover, the discontinuous precision values were interpolated 59, and the area under the curves
was approximated using the composite trapezoidal method. In this study, we used the Wilcoxon
signed-rank test, a non-parametric statistical test as an alternative to paired t-test 94, to check
whether the median difference of MCC between the multi-modal system and individual singlemodal systems is zero. Given the multiple comparisons, Bonferroni correction was used to
control the familywise error rate 95. When the p-value is smaller than 0.05, the performance
difference between the multi-modal and single-modal systems is statistically significant.

3. Results
In total, 551 freezing episodes (ranged 1 s-2 min with a median of 3 s) in turning tasks were
annotated from 15 participants and used for the training and testing of the freezing detection
systems. 248 of the 551 freezing episodes, which did not have neighboring freezing episodes in
the segmentations of freezing-group, were investigated for the statistical analysis. In addition,
one subject’s ECG signals were not applicable because of a bad connection between the ECG
sensors and the skin during the experiment, therefore 30 freezing episodes of this subject were
not included for the statistical analysis of heart rate.

The visualization of the t-test of the segmentations in the freezing and normal-movement groups
are presented in figure 3-7. Significant changes associated with freezing episodes were
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observed in the motion activity described by the freezing index above the knees and ankles
(figure 3), the eye movements described by the slow-phase velocity (figure 4), and the gait
described by the stride duration (figure 5). The brain activity described by the power spectra of
frontal-central channel (figure 6) and the heart activity described by the heart rate (figure 7)
were not closely associated with freezing episodes.

5

Figure 3. Motion activity: a decrease of the normalized freezing index during freezing episodes. The
freezing index was calculated from the accelerometers placed above knees [left: (A); right (B)] and
ankles [left: (C); right (D)]. The red curve indicates the freezing index in the group of freezing
episodes, and the gray curve indicates the freezing index during normal turning. The solid lines
indicate the mean of the freezing index, and the patches indicate 95% confidence intervals across
segmentations.
77

78

Figure 4. Eye movements: the normalized slow-phase velocity
decreased around 6 seconds before the onsets of freezing episodes. The
red curve indicates the group of freezing episodes, and the gray curve
indicates the group of normal turning. The solid lines indicate the mean
of the slow-phase velocity, and the patches indicate 95% confidence
intervals across segmentations. The values in the clockwise turns and
the counterclockwise turns were merged through flipping the values of
the slow-phase velocity during counterclockwise turns.

Figure 5. Gait activity: the normalized duration of stride (a complete gait
cycle) estimated from footswitch signals. The stride duration shows an
considerable increase during freezing episodes. The red curve indicates the
stride duration in the group of freezing episodes, and the gray curve
indicates the stride duration during normal turning. The solid lines indicate
the mean of the stride duration, and the patches indicate 95% confidence
intervals across segmentations. The increases of the curves between -10
seconds and -8 second, and between the -5 and -3 second was probably
caused by short stops between the normal turns.

Figure 6. Brain activity: No considerable difference of normalized thetaband power in the frontal-central electroencephalography channel was
observed between the groups of freezing episodes (red curves) and
normal turning (gray curves). The solid lines indicate the mean of thetaband power, and the patches indicate 95% confidence intervals across
segmentations.

Figure 7. Heart activity: normalized heart rate estimated from
electrocardiography signals: No considerable difference of heart rate was
observed the groups of freezing episodes (red curves) and normal turning
(gray curves). The drops of both curves between the -3 and -1 second
were probably caused by the stops between turns. The solid lines indicate
the mean of heart rate, and the patches indicate 95% confidence intervals
across segmentations.
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The development of the freezing detection system was based on the results of the statistical
analysis. Accordingly, the slow-phase velocity, freezing index, and stride duration were
extracted from the epochs of the preprocessed EOG, accelerometer, and footswitch signals,
respectively. Through the correlation-based feature selection, the slow phase velocity and
freezing index above the left knee, whose symmetrical uncertainty were greater than 0.85, were
selected for the classification.

The performance of the multi-modal freezing detection system with the freezing index and the
slow phase velocity was 97% ± 3% of sensitivity, 96% ± 7% of specificity, 73% ± 21% of
precision, and 0.82 ± 0.15 of MCC. The comparison through Precision-Recall curves between
the multi-modal system and the corresponding single-modal systems, which only used the
freezing index above left knee or the slow phase velocity, is shown in figure 8. The areas under
the Precision-Recall curves of the freezing detection systems using multi-modal (solid line) and
single-modal features [using the freezing index (dash line) or the slow phase velocity (dashdotted line)], were 0.94 ± 0.05, 0.91 ± 0.08, and 0.90 ± 0.08, respectively. Nevertheless, we
did not find significant differences of MCC between the multi-modal system and the singlemodal systems through the Wilcoxon signed-rank test.

Figure 8. Precision-Recall curves of the freezing detection systems using multi-modal (red curve)
and single-modal (gray curves) features. The multi-modal features merged the features from the
motion activity (dashed line) described by freezing index and the eye-movements (dash-dotted line)
described by slow-phase velocity. Generally, the freezing detection system using multi-modal
features performed better than using the single-modal features. The solid lines indicate the mean
value across participants, and the patches indicate the standard error.
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4. Discussion
To improve the reliability of freezing detection and fill in the knowledge gap of online freezing
detection systems using multi-modal features, we characterized freezing episodes provoked by
turns using the parameter of eye movements, brain, heart, motion, and gait activity, and
proposed an online freezing detection system using the top-ranked features significantly
associated with freezing episodes. The parameter of eye movements, gait activity, and motion
activity were found to be significantly associated with freezing episodes. In contrast to earlier
findings 73,74, heart activity described by the heart rate and brain activity described by the power
spectra of the frontal-central channel were not associated with freezing episodes. Through the
feature selection, the freezing index above left knee and the slow phase velocity were selected
as the features in the detection of freezing episodes. The detection system’s sensitivity was of
97% ± 3%, specificity was of 96% ± 7%, precision was of 73% ± 21%, and MCC was of 0.82
± 0.15. Through the comparison using Precision-Recall curves, the detection system using
multi-modal features performed better than the single-modal features, which further supported
the idea in our previous study 80. However, the results of the Wilcoxon signed-rank test showed
no significant differences between the performance of multi-modal system and single-modal
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system.

The abnormal patterns found in the slow-phase velocity indicates that the participants’ eyeresetting speed during turning has slowed down almost 6 seconds before freezing onsets. The
considerable changes of the slow-phase velocity can be explained from two possible aspects:
(1) The excessive inhibition of the superior colliculus projected from the basal ganglia via the
substantia nigra pars reticulata may have an effect on ocular motor engagement 96; (2) The
slowness or even stop of turning could have an influence on the eye movements. In this study,
the angles of the body were not measured to investigate the slowness of body during turning.
Future research should be undertaken to investigate the relationship between the eye, head, and
body movements under turning conditions surrounding freezing episodes. In addition, turningphase angles may have influences on the slow-phase velocity given the vestibulo ocular reflex
during turning. In our future work, the slow-phase velocity should be divided into several
groups according to the turning-phase angles for the deeper investigation of the eye movements.
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The significant changes of freezing index and stride duration during freezing episodes consist
with the definition of freezing-of-gait that individuals’ lower body barely moves during the
freezing episodes. In our study, the freezing index considerably decreased during freezing
episodes instead of increasing reported in the previous study 72. The decrease of the power in
the freezing frequency band (3-8 Hz) in our study may be explained by the influence of the
guidance on continuous turning conditions to provoke enough freezing episodes (the
participants were asked to use the full surface of their feet while turning and turn by making
small steps on the spot; in other words, not to use big steps or a pirouette). Through the visual
analysis of the videos, we found that participants showed less trembling symptoms and almost
stopped turning or made slow small steps when they experienced freezing episodes (an example
is shown in the supplementary multimedia file). Future studies should investigate the influence
of different turning guidance on the values of freezing index and the freezing detection. In
addition, the freezing index above left knee was top-ranked through the correlation-based
feature selection method for freezing detection. We speculated that the contrast above left knee
between movement changes caused by freezing and normal movements may be stronger than
other lower body parts. This might be caused by the asymmetric motor function in individuals
with Parkinson’s disease 97. Following studies should consider the asymmetry of the individuals
in the freezing detection.

In this study, we first analyzed which physiological features in multiple modalities are
associated with freezing episodes to globally characterize freezing episodes for the evidencesupport of freezing detection and duplicate the results reported in previous studies 73,74 where
movement artefacts were not considered. We statistically analyzed the physiological features
in the freezing and normal-turning groups to consider the potential disturbances of the turning
conditions on the freezing analysis. This probably explains why our results did not support the
earlier findings about the heart activity 74 and brain activity 73. In those previous research, the
parameters of the heart and brain activity were compared among the freezing stages (the periods
before, during, and after freezing episodes). Freezing episodes were relatively sensitive to the
movement conditions. For example, turning is the most sensitive condition to provoke freezing
episodes 67,86. The previous studies most likely compared the parameters between movement
status, such as between walking and turning, instead of between the stages of freezing episodes.
For example, an increase of heart rate was observed in both groups of freezing episodes and
normal turning between the -3rd and 1st second in figure 7. In the future temporal analysis of
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freezing episodes, we strongly suggest a comparison of parameters in a freezing group with the
corresponding baseline movement condition to suppress the influence of movement. In the
future studies about the freezing detection or prediction, we recommend to use the evidencesupport features in the development to improve the reliability of systems.

The multi-modal freezing detection system performed better than the single-modal systems
according to the Precision-Recall curves, but the difference is not significant through the
Wilcoxon signed-rank test on 15 participants. The contrast between the results of the PrecisionRecall curves and the Wilcoxon signed-rank test may be explained by the small number of
participants which limited the power of the Wilcoxon signed-rank test to find a statistical
significance. In future work, the power of the statistical test could be increased with a larger
number of participants. In addition, the performance from the multi-modal and single-modal
systems probably do not reflect the performance under real-life situations given that the dataset
of this study was acquired during continuous turning conditions in a lab environment. Future
studies are needed to investigate the system performances under a (simulated) real-life
situations to further determine whether the multi-modal system performs better than using
single-modal features. Moreover, practically, users may prefer the single-modal systems
because of its simple application in daily life. In future studies, it is valuable to investigate
whether it is acceptable for users to have multiple types of sensors on their body for daily usage.

Several limitations still remain in this study: only 17 participants were included in this
explorative study, and the physiological signals were acquired from 15 participants while the
participants were at off-medication state. The generalization of the results in this study may be
influenced by the small number of participants, and an effect of the dopaminergic treatment on
physiological signals might exist. More participants at on-medication state (with the effect of
the dopaminergic treatment) should be included in future investigations to ensure the
transformation from research to practical applications. Moreover, only one commonly used
feature of each modality was investigated in this study. In future studies, more features for each
modality should be investigated, such as quick-phase amplitude indicating gaze shift during
turning for eye movements, heart variability for heart activity, galvanic skin response for
anxiety level, brain connectivity for brain activity, and swing and stance duration for gait. Given
that the all participants of this study were not treated by deep brain stimulus, our proposed
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freezing detection system for the population with deep brain stimulus should be further
validated and expanded in future. For example, the power in high-beta band (21-35 Hz), whose
freezing-associated changes is found in subthalamic nucleus using intracranial EEG signals in
other earlier study 98, should be considered as a feature for freezing detection in the population
with deep brain stimulation. Furthermore, different fusion methods for multi-modal features,
such as principle component analysis, would be interesting to be investigated in the freezing
detection. In addition, this study focused on the freezing detection (from 3 seconds before
freezing onsets to freezing offsets). Future research should be undertaken to investigate how
early and accurate we can predict freezing episodes.

5. Conclusion
Multi-modal physiological signals were used to characterize and detect freezing episodes in this
study. The slow-phase velocity for eye movements and freezing index for motion activity were
significantly associated with freezing episodes and selected as multi-modal features for freezing
detection. Using the multi-modal features, the freezing detection performance was improved
according to Precision-Recall curves. Future works need to further validate and improve the
detection system using multi-modal features in a real-life situation.
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Ocular Movements in Freezing
of Gait in Individuals with
Parkinson’s Disease
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Adapted from Wang et al. [2020], submitted

Abstract
Background
Individuals with Parkinson’s disease can experience freezing of gait: “a sudden, brief episode
of an inability to move their feet despite the intention to walk” during turning. As turning is the
most sensitive condition to provoke freezing episodes, and the eyes typically lead turning, one
can hypothesize that the saccadic eye movements are closely related to freezing of gait.
Objectives
This study explores the relationship between freezing episodes and saccadic eye movements
for gaze-direction and gaze-direction stabilization during turning.
Methods
We analyzed 277 freezing episodes provoked among 17 individuals with regular freezing
episodes during self-selected and rapid speed 180-degree turn conditions. The eye movements
acquired from electrooculography signals were characterized by the average position of gaze,
the amplitude of gaze shifts, and the speed of gaze-direction stabilization. We analyzed these
variables before and during freezing episodes which occurred at different turn phase angles.
Results & Conclusions
Significant changes of gaze direction were observed almost one turn cycle before freezing
episodes. In addition, the speed of gaze-direction stabilization significantly decreased during
freezing episodes. We argue that different trends in gaze direction than the current turning orbit
might be predictive for freezing due to continued failure in movement-error correction or an
insufficient preparation for eye-to-foot coordination during turning. While a decline in slowphase velocity is almost trivial during freezing of gait, as the need for compensatory eye
movements decreases given the slowness of body turning, we nevertheless argue that this is
evidence of a healthy compensatory system.
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1. Introduction
Freezing of gait is a symptom commonly observed in the moderate to advanced stage of
Parkinson’s disease and defined as “brief, episodic absence or marked reduction of forward
progression of the feet despite the intention to walk.” 12. Turning is the most sensitive trigger
of freezing 68,86. The unexpected presences of freezing during turning lead to a high risk of
falls and cause fractures 99.

Turning movement, which is typically considered as difficult for individuals with Parkinson’s
disease, requires complex eye-foot coordination―the eyes lead the head and body rotation
through rhythmic and involuntary oscillation (saccadic eye movements) to shift the gaze
(view) to the direction of turning and stabilize the gaze direction (vestibular-ocular reflex) to
compensate for rapid head rotation 100–102. The eye-foot coordination is preserved during
turning for individuals with mild Parkinson’s disease, yet they use larger gaze shift for turning
than the head and body movements compared to healthy controls 103. The larger contribution
of the eyes is most likely a visual compensatory strategy for movement slowness in
Parkinson’s disease 103,104. Nevertheless, gradually impaired ocular-motor performance with
the disease progress might cause errors in shifting the gaze for guidance in turning or
stabilizing the gaze direction during head rotation 105, and thus could decrease the
effectiveness of the compensatory strategy 104 and result in defective turning performance 106,
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such as freezing of gait.

Saccadic performance is weak in individuals with a history of frequent freezing 107. However,
the relationship between the saccadic eye movements and freezing episodes is still not known.
In this study, we explored the gaze shift and gaze-direction stabilization before and during
freezing episodes evoked by turning. The gaze shift guides the head and body rotation during
turning, and we hypothesized that individuals keep correct gaze shifts until the onsets of
freezing episodes; hence, the gaze shifts before freezing episodes are expected to be not
different from the gaze shifts for successful turning (turning does not affected by freezing
episodes). Furthermore, the vestibular-ocular system is relatively insensitive to slow rotation
of the head 102, and individuals move their body slowly or even stop moving during freezing
episodes. Accordingly, we hypothesized that the individuals have a healthy vestibulo-ocular

89

reflex system, and thus the disappearance of gaze-direction stabilization is expected during
freezing episodes.

To visualize the expected gaze shift and stabilization of gaze direction before and during
freezing episodes, we presents the rationale for our hypotheses in figure 1. The body-turning
position of participants is ideally simulated as sinus waves (figure 1A). The gaze shift and
stabilization of gaze direction which are elicited by the body turning are called quick-phase and
slow-phase eye movements, respectively. The quick-phase eye movements are described by
two variables: center-of-beat indicating the average gaze position during the gaze shift and
quick-phase amplitude indicating the amplitude of the gaze shift. The slow-phase eye
movements are described by slow-phase velocity which indicates the speed of retinal slip
tocounteract the head rotation. The center-of-beat and the quick-phase amplitude (figure 1B),
and the slow-phase velocity (figure 1C) were calculated from the simulated body-turning
position.
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Figure 1. Rationale for null hypotheses: individuals keep correct gaze shift until freezing onsets, and
individuals with freezing episodes have a healthy compensatory vestibulo-ocular system. The red
and green curves indicate turning affected and not affected by freezing episodes (0 s indicates the
onsets of freezing episodes), respectively. The rationale shows that the saccadic eye movements:
center-of-beat and quick-phase amplitude (B), and slow-phase velocity (C) are close to zero when
participants cannot change their body position (A) during turning because of freezing episodes. The
body position during turning was ideally simulated as sinus curves, and the duration of each 180degree turn is 5 seconds. The center-of-beat and quick-phase amplitude, and slow-phase velocity
were calculated as the first derivative of the body position but with different directions. The centerof-beat and the quick-phase amplitude have the same direction as the body turning because these
two variables describe the gaze shift for guidance during turning. The slow-phase velocity describes
the gaze-direction stabilization during turning and therefore has the opposite direction as the turningbody. Figure A shows that the participants execute clockwise 180-degree turns through turning their
body from 0 degree to 180 degree, and the participants have the counterclockwise turns through
turning their body from 180 degree to 0 degree. Six rows in the figure indicate that the freezing
onsets at the six turn-phase-angle sections: 0-30 degree, 30-60 degree, 60-90 degree, 90-120 degree,
120-150 degree, and 150-180 degree relative to the start of turning, respectively.
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2. Method
Participants
Seventeen participants with idiopathic Parkinson’s disease and experiencing daily freezing
were recruited. We included participants that experienced regular freezing ("very often, more
than one time a day" in the freezing frequency section of the New Freezing of Gait
Questionnaire 70) in the past month; we excluded participants with comorbidities that cause
severe gait impairment, severe cognitive impairments (the score of a Mini-Mental State
Examination 84 <24), and inability to walk 150 meters unaided.

Fifteen of the 17 participants’ data were successfully collected, and the other two participants
were excluded given their inability to walk or keep balance independently during the
experiments. The median age of the 15 participants was 73 years in the 51-89 age range. The
median Parkinson’s disease duration was 12 years with the range of 3-20 years. The clinical
characteristics of the participants were assessed by several clinical examinations and
questionnaires: the scores of Movement Disorders Society‐Unified Parkinson’s disease Rating
Scale Part III 81,83 ranged from 24 to 49 (median 32); Hoehn and Yahr stage 82 ranged from 2 to
4 (median 2); the scores of New Freezing of Gait Questionnaire ranged from 10 to 25 (median
20) 70; the scores of Mini-Mental State Examination 84 ranged from 24 to 30 (median 29); the
scores of Frontal Assessment Battery 85 ranged from 14 to 18 (median 17). According to the
answers in New Freezing of Gait Questionnaire, all participants except one experienced
freezing during turning in daily life, and eight of them experienced “very often, more than once
a day” freezing during turning.

Ethical approval
This study was ethically approved by the Dutch committee on research involving human
participants [Arnhem-Nijmegen region (NL60942.091.17)]. The experiment conformed to
Declaration of Helsinki, and all participants provided informed consent.

Setup
Electrooculography signals were collected during the experiment
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. The four-channel

electrooculography electrodes (active electrodes from actiCAP, Brain Products GmbH) were
aligned with the center of pupils in the vertical and horizontal planes when the participants
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looked straight ahead. To increase the quality of data, viscous gels (Supervisc) were applied to
bridge the electrodes and the skin. In this study, we analyzed the electrooculography signals (an
example in figure 2A) with a sampling rate of 500 Hz.

6

Figure 2. Illustration of the electrooculography signal analysis: An example (A) of raw
electrooculography signals, the phase angle of turning (B), and the variables of saccadic eye
movements―center-of-beat (C), and quick-phase amplitude (D), and slow-phase velocity (E). The
0-180 degree in the phase angle of turning (B) indicates the clockwise 180-degree turns, and the 180360 degree indicated the counterclockwise turns. The red patches in figure 2A indicate the freezing
episodes. The red patches and the green patches in figure B-E indicate the eye movements before
and during freezing of gait, and the eye movements during the corresponding turning which did not
affect by freezing episodes, respectively. The red and green segmentations have the same phase
angles at their start for a comparison to investigate the eye movements before and during freezing
episodes.
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Paradigm
Participants were assessed in the dopaminergic OFF-medication state, after 12 hours of
medication withdrawal. The data were collected when the participants executed two turn
conditions 80: alternative half turns―clockwise and counterclockwise 180-degree turns―at a
self-selected and rapid speed. Each condition lasted 2 minutes, and participants repeated each
condition maximally five times.

Annotation of freezing of gait
Freezing episodes were annotated based on the videos taped during the experiments using two
video cameras: a GoPro Hero5 with a fisheye effect and a Sony-HDR video-camera. The
cameras were placed in the front and on the side of the participants for precise freezing
annotations, respectively. The annotations were mainly based on the videos recorded using the
camera in the front, and the videos from the camera on the side assisted the raters on uncertain
freezing episodes.

Freezing and unexpected movements during the sessions, such as sudden stops caused by other
reasons than freezing, were annotated by two independent raters using an open-source
annotation software (ANVIL 87). When the two raters disagreed on some annotations, a third
rater made the final decision. A substantial interrater agreement was reached with ca. 92% in
percent-agreement and 0.78 in Cohen’s kappa.

Eye movement preprocessing
Quick-phase and slow-phase eye movements alternatively occur during turning to shift the gaze
to the direction of turning and stabilize the gaze direction counteract the head rotation. In this
study, we calculated the center-of-beat to describe the average position of gaze during each
gaze shift, the quick-phase amplitude to describe the amplitude of each gaze shift, and the slowphase velocity to describe the speed of retinal slip for gaze-direction stabilization from the
horizontal electrooculography signals. The amplitude of the horizontal electrooculography
signals was derived through subtracting the signals of the right electrooculography electrode
from the signals of the left electrode. The center-of-beat was calculated as the average
amplitude of the horizontal electrooculography signals during quick-phase eye movements. The
quick-phase amplitude was calculated as the amplitude difference between the temporal onset
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and offset of quick-phase eye movements. The slow-phase velocity was calculated as the first
derivate of the amplitude of the horizontal electrooculography signals during slow-phase eye
movements.

We identified time stamps of the quick-phase and slow-phase eye movements through a
customizable algorithm. A detailed workflow of the algorithm was presented in appendix A
based on the Cluster Fix
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saccade detection algorithm. We firstly applied the Cluster Fix

algorithm to partition electrooculography signals into two clusters: quick-phase and slow-phase
eye movements. Given that some of the detected quick-phase eye movements look like slowphase eye movements which may affect the analysis of variables for quick-phase eye
movements, we further refine the cluster of quick-phase eye movements through K-means
clustering with three features of main sequence for human saccades 108: amplitude, duration,
and velocity. We visually checked the conservative quick-phase eye movements and ensured
that no slow-phase eye movements were included in the quick-phase cluster, and some quickphase eye movements similar as the slow-phase eye movements were probably excluded
because of the strict criteria.

Eye movement analysis in turn cycles
To explore freezing episodes occurring at different turn phases, we divided each 180-degree
turn into six sections―0-30 degree, 30-60 degree, 60-90 degree, 90-120 degree, 120-150 degree,
and 150-180 degree. The freezing episodes were assigned to the individual sections based on
the instantaneous phase angles of the freezing onsets. The instantaneous phase angles in turn
cycles were estimated from the analytic signals of the slow-phase velocity using the Hilbert
transformation 92 because the slow-phase velocity is the indicator for gaze stabilization during
turning. In addition, we assumed no relatively difference among the eye movements in
clockwise and counterclockwise turns, therefore the eye movements started during the
clockwise (figure 1A: start turning from 0 degree to 180 degree) and counterclockwise (figure
1A: start turning from 180 degree to 0 degree) turns were merged through flipping over the eye
movements during counterclockwise turns. Furthermore, the duration of each 180-degree turn
was unified as 5 seconds to adjust participants’ different durations of turn cycles; in other words,
the phase angle at the 5th second before freezing onsets was as same as the angle of the freezing
onsets.
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We segmented the eye movements to the group of freezing episodes and successful turning,
which was not affected by freezing episodes, to analyze the eye movements before and during
freezing episodes. For the eye-movement segmentations in the freezing group, we assumed that
the eye movements in one turn cycle before the freezing onsets (earlier than the 5th second
before freezing onsets) is not related to freezing episodes. In addition, most freezing episodes
are generally shorter than 3 seconds. Therefore, we defined that the freezing group consists of
the eye movements within the period from the 5th second before to the 3rd second after the
freezing onsets. In the successful-turning group, eye movements during successful turning were
segmented corresponding to each segmentation in the freezing group. The segmentations in the
successful-turning group were identified through alignment of the phase angle at the start of the
segmentations in both freezing and successful-turning group. Each freezing segmentation may
have multiple corresponding successful-turning segmentations collected from the same
experiment condition (figure 2 B-E). In addition, only one freezing episode was included in the
freezing-group segmentations to avoid the influences of other freezing episodes, and no
freezing episode was included in the successful-turn segmentations to minimize the effect of
freezing episodes.

We used t-tests to compare the means of the eye-movement segmentations in the freezing and
successful-turning groups. To explore the eye movements with the evolution of freezing
episodes, we visualized the t-test through plotting the mean and its 95% confidence intervals of
the eye movements at each sampling point. When there is no overlap between the plots of the
center-of-beat in the two groups before freezing period (from the 5th second before freezing
onsets to the freezing onsets), our hypothesis―individuals keep correct gaze shifts until
freezing onsets―is rejected. When there is an overlap between the plots of the slow-phase
velocity in the two groups during freezing episodes (from freezing onsets to the 3rd second after
the freezing onsets), our hypothesis about a healthy compensatory vestibulo-ocular reflex in
individuals with freezing episodes is not rejected. In addition, given that the quick- and slowphase eye movements consecutively presents during turning to shift the gaze and compensate
the gaze direction, the center-of-beat, quick-phase amplitude, and slow-phase velocity were
discontinuous; hence, these variables were linearly interpolated for the visualization.
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3. Results
Freezing of gait
In total, 277 segmentations in the group of freezing episodes were compared with the eye
movements in the group of successful turning. The number of freezing episodes were 69, 55,
36, 36, 24, and 57 when the freezing episodes occurred within 0-30 degree, 30-60 degree, 6090 degree, 90-120 degree, 120-150 degree, and 150-180 degree, respectively. This finding
supports the previous studies that freezing episodes commonly occur when the individuals
initiate turns and approach destinations 79. The average duration of the 277 freezing episodes
was 7 seconds with a standard deviation of 18 seconds (ranging from around one second to
almost two minutes).

Eye movements
Figure 3 presents the t-test visualization of the eye movement variables: the center-of-beat
(figure 3A; where individuals were looking), quick-phase amplitude (figure 3C; gaze shifts for
turning), and the slow-phase velocity (figure 3E; the stabilization of gaze direction). To further
explore the trend in the eye-movement variables before and during freezing episodes, we
calculated the differences between the variables in the freezing and successful-turning groups
through subtracting the mean of variables in the successful-turning group from the mean in the
freezing group. The differences are shown in figure 3B, D, and F.

6
The center-of-beat significantly changed before the freezing onsets in figure 3A. According to
figure 3B, the center-of-beat in the freezing group showed an opposite trend to the successfulturning group even 4 seconds (almost one turn cycle) before freezing onsets (for example, the
zero-crossing points in the sections of 0-120 degree in figure 3B); in other words, participants
started looking at the different direction from the current turning direction before freezing
episodes. To note, the changes enlarge after the start of new turns (indicated by gray patches in
figure 3) which occur before freezing onsets, and the changes are larger when the duration
between the start of new turns and freezing onsets are longer. Furthermore, significant changes
in the slow-phase velocity before freezing onsets were expected to be observed because of the
turning-body guided by the center-of-beat. Interestingly, the slow-phase velocity changed
slightly earlier than the quick-phase amplitude before freezing episodes. In addition, given that
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the quick-phase amplitude is a variable related to both center-of-beat and slow-phase velocity,
the corresponding changes of the quick-phase amplitude were also observed.

As the expected slow-phase velocity shown in figure 1B, the magnitude of slow-phase velocity
considerably decreased and was close to zero during freezing episodes (figure 3E and F); in
other words, this could be an evidence that individuals with freezing episodes have a healthy
compensatory vestibulo-ocular reflex. In addition, the magnitude of center-of-beat (figure 3A
and B) and quick-phase amplitude (figure 3C and D) decreases but not significant as the slowphase velocity during freezing episodes. The decreases of the center-of-beat and quick-phase
amplitude were probably limited in time, and any clear effect was obfuscated given that
participants tried to reach the end of a turn or restart a turn during freezing episodes.
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Figure 3. Comparison between the eye movements in freezing-of-gait (FOG; red curves) and
successful-turning (green curves) groups. The eye-movement variables are center-of-beat (figure A
and B), quick-phase amplitude (figure C and D), and slow-phase velocity (figure E and F). The 0 s
indicates the onsets of freezing episodes. There are six rows indicating freezing episodes occurred
within 0-30 degree, 30-60 degree, 60-90 degree, 90-120 degree, 120-150 degree, and 150-180
degree, respectively. The curves are the mean, and the patches are the 95% confidence intervals of
the mean in figure A, C, and E. The curves in figure B, D, and F indicate the difference between the
eye movements in freezing and successful-turning groups. The gray patches indicate the start of new
turns.
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4. Discussion
This study investigated the relationship between the saccadic eye movements and freezing
episodes provoked by turning conditions for individuals with Parkinson’s disease. We analyzed
the eye-movement variables―center-of-beat, quick-phase amplitude, and slow-phase
velocity―to investigate the performance of shifting gaze to turning direction before freezing
onsets and the performance of stabilizing gaze direction to compensate for head rotation during
freezing episodes, which occurred at 0-30 degree, 30-60 degree, 60-90 degree, 90-120 degree,
120-150 degree, or 150-180 degree of a turn cycle. Considerable different trend was found in
center-of-beat in almost one turn cycle before freezing episodes, which implies that individuals
look at different direction than the current turning direction. During freezing episodes, the
magnitude of slow phase velocity considerably decreased which can imply that individuals with
freezing episodes have a healthy compensatory vestibulo-ocular reflex.

The different trend in center-of-beat from the successful-turning orbit before freezing episodes
could be caused by several possible factors. (1) Abnormal gaze-direction stabilization, which
may be caused by the dysfunction of striatonigral-collicular circuits in Parkinson’s disease 105,
could lead to abnormal gain of retinal slip which can drive the gaze off track than the correct
turning direction 105. This may also explain why the slow-phase velocity changed earlier than
the quick-phase amplitude before freezing episodes in figure 3 F. (2) The inhibition of reflexive
saccades and attention deficits in individuals with Parkinson’s disease 109 could also result in
the off-track gaze direction during turning.

As shown in figure 3B, the variation of the center-of-beat differences before freezing onsets is
probably related to the turn phases of freezing onsets. The different trend in the center-of-beat,
which was occurred almost one turn cycle before freezing onset, was enlarged at the start of a
new turn and followed by a freezing episode. This finding may support other earlier research
which found that first saccades can predict turning performance in Parkinson’s disease
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When individuals look at a father position than a successful turning trajectory to initiate a turn,
the unexpected far gaze direction are most likely kept until a freezing episode was provoked
according to figure 3B. For example, in figure 3B, the increases of center-of-beat were observed
and followed by freezing episodes after the start of a new turn in the sections of 0-120 degree.
Conversely, the increases of center-of-beat were also observed after the turn start in the section
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of 150-180 degree, but the increases declined after one or two second (at “-3” second); hence,
no freezing episode was provoked by these increases.

The considerable changes of the center-of-beat before the freezing onsets could be speculated
as a predictor of freezing episodes evoked by turning. One possible explanation for this might
be that individuals may keep correcting the off-track gaze direction during turning, but the
correction failed given the motor planning deficit in individuals with freezing episodes 110, such
as long anti-saccades latencies 107. Accordingly, the continued failure in motor-error correction
might cause freezing episodes. Another possible explanation is that an unexpected large gaze
shift, when individuals with Parkinson’s disease look at faraway objects, could result in
insufficient anticipatory coordination between the body segmentations for turning which most
likely provokes freezing episodes
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. The unexpected large shift could be avoided by visual

cues, which guides individuals to turn at a suitable amplitude and speed 111.

This study has several limitations. Given that this is an explorative study, we only included 17
participants and measured the physiological signals from 15 of the 17 participants at offmedication state to acquire sufficient freezing episodes for the analysis. The small number of
participants may limit the generalization of the interpretation about the relationship between
the eye movements and freezing episodes evoked by turning. Future work should include more
participants and also collect the signals at on-medication state to examine how dopaminergic
treatment affect the eye movements during freezing episodes. In addition, we assumed no
considerable difference of the saccadic eye movements between clockwise and
counterclockwise turns, but the differences may exist among individuals due to the asymmetric
motor function in patients with Parkinson’s disease 97. In future studies, researchers could
investigate whether the eye movements in clockwise and counterclockwise turns are different
and what factors contribute to the differences using the asymmetry assessment scores in
Movement Disorders Society‐Unified Parkinson’s disease Rating Scale Part III. In this study,
we did not collect gyroscope signals for the turn angle of the head and body, and only did
horizontal saccadic analysis during turning using electrooculography signals, but the
relationship between the eye-foot coordination and freezing episodes would be valuable to
determine in future research. Future studies can use more advanced technical knowledge and
devices, e.g. head-body motion sensing systems for the analysis of the eye-to-foot coordination,
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and video-oculography for the reliable identification and analysis of the other types of eye
movements especially during natural tasks in daily life, such as blinks and smooth pursuit
movements. Studies that investigate dynamic eye movements with visual cues as a sensory
compensation strategy to overcome freezing would be helpful to determine how the visual cues
works on the eye movements for alleviating freezing. Furthermore, multimodal physiological
signals for the brain, eye, heart activity, and gaits can be simultaneously analyzed for a deep
and comprehensive understanding about freezing episodes in our future works.

5. Conclusion
In this study, we investigated the relationship between the saccadic eye movements and freezing
episodes evoked by turning in individuals with Parkinson’s disease. Individuals were found to
look at different direction than the current turning direction before freezing episodes, which
might be a predictor for freezing episodes. Furthermore, we found evidence for a healthy
compensatory vestibulo-ocular reflex for individuals with freezing episodes.
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Appendix A. Workflow of the algorithm for quick phase detection
Steps for analyzing EOG signals in our developed system
1. Preprocessing

Remarks

1.1 Up-sample electrooculography signals from To

reduce

500 Hz to 1000 Hz;

interference

1.2 Low-pass filtering [< 30 Hz];

caused

by

1.3 Subtract the baseline drift from the signals:

muscle

or

1.3.1

Decompose the signals using wavelet movement

decomposition (WD) method with Daubechies artefacts, etc.;
4 wavelet;
1.3.2

Get

An
the

baseline

from

example

the before and after

approximation outputs from WD method in preprocessing
level 10 (figure S1 shows an example);
1.4 Median filtering with a

is

shown

in

50-millisecond figure S2.

window;
2. Feature extraction

2.1 Commonly used features in EOG analysis 90:

6
-

Velocity of eccentricities:

ܧ௩௧௬ ൌ ܧ௦௧ ሺ݊ሻ െ ܧ௦௧ ሺ݊ െ 1ሻ with

ܧ௦௧ ሺ݊ሻ ൌ ܧሺ݊ሻ െ ܧሺ݊ െ 1ሻ, and

݊denotes each time sampling;
-

Acceleration of eccentricities:

ܧ௧ ൌ ܧ௩௧௬ ሺ݊ሻ െ ܧ௩௧௬ ሺ݊ െ 1ሻ;
-

Distance between the eccentricities at every

second sampling points:
ܧௗ௦௧ ൌ ܧሺ݊ሻ െ ܧሺ݊ െ 2ሻ;

-

Eccentricities in angular:

ߠ௦௧ ൌ ߠሺ݊ሻ െ ߠሺ݊ െ 1ሻ;
-

Angular velocity of eccentricities:
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-

ߠ௩௧௬ ൌ ߠ௦௧ ሺ݊ሻ െ ߠ௦௧ ሺ݊ െ 1ሻ

2.2 Remove outliers of the features using
interquartile rule;
2.3 Normalized features;
3. Clustering

3.1 Use k-means clustering partitioned the data The refinement
points into two clusters: quick phases and slow can
phases;

improve

the accuracy of

3.2 The cluster of quick phases has a higher quick
average velocity, and the another cluster is of slow detection.
phases;
3.3 A series of continuous sampling points in the
same cluster was treated as a phase (figure S3
shows an example);
3.4 Refine the clusters:
3.4.1

The outliers in the cluster of slow

phases are considered as quick phases;
3.4.2

Re-cluster (k-means) the current quick

phases using main sequences: amplitude,
duration, and peak velocity of the quick phases;
3.5 Check whether the refined quick phases are
next to each other:
3.5.1

Merge the neighbor quick phases when

they have same direction;
3.5.2

Remove the neighbor quick phase with

a lower velocity when the two neighbor quick
phases have different directions.
3.6 Get the time stamps of the final quick phases
and treat the rest as slow phases (figure S4 shows
an example of the final detected quick phases).
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Figure S1. An example of a 2-minute session signals and their baseline extracted by wavelet
decomposition.
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A

B

Figure S2. Horizontal EOG signals before and after preprocessing. (A) An example of a 2-minute
session. (B) Close-up plot of the first 10 seconds in (A).
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Figure S3. An example of quick phases detected in 10-second signals before the cluster refinement.

6

Figure S4. An example of quick phases detected in 10-second signals after the cluster refinement.
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7
General discussion and future
perspectives

Chapter 7

1. General discussion
Extremely variable physiological signals and patient demography are barriers to accurate ehealth monitoring systems. In this thesis, we presented our research about the algorithm
development for e-health monitoring systems in individuals with epilepsy or Parkinson’s
disease. We developed the systems from the perspective of clinical (chapter 2 & 4), basic
science (chapter 5 & 6), and engineering (chapter 3 & 5) research. With respect to the
application for individuals with epilepsy, we applied visibility graph method for feature
extraction and proposed a synthetic 4-class classifier (chapter 3) based on commonly
misinterpreted EEG patterns (chapter 2): short evaluation-duration for ictal discharges with a
blurred boundary, abnormal background activity, continuous inter-ictal discharges, and short
ictal discharges. Consequently, we found the improved precision of seizure detection for
individuals with non-convulsive status epilepticus (chapter 3). With respect to the applications
for individuals with Parkinson’s disease, we firstly executed a clinical study and found that
turning in place is a more sensitive condition to evoke freezing-of-gait episodes than stepping
in place (chapter 4). We characterized freezing episodes during turning using multimodal
features: the power spectra of EEG signals for brain activity, the gaze-stabilization velocity
from EOG signals for eye movements, the heart rate from ECG signals for heart activity, the
power spectra ratio between freezing and normal-movement frequency band (freezing index)
from accelerometer signals for the motion activity of the lower body, and the stride duration
from footswitch signals for gait activity (chapter 5). We found that the eye movements, motion,
and gait activity are significantly associated with the freezing episodes. The multimodal
features were used in the development of a freezing detection system, and we improved the
detection performance. Moreover, the relationship between eye movements and freezing
episodes were further investigated in detail in chapter 6. We found that different gaze direction
than current turning orbit might be predictive for freezing due to continued failure in movementerror correction or an insufficient preparation for eye-to-foot coordination during turning. In
addition, we argued that the individuals with freezing episodes most likely have a healthy
vestibular ocular system for gaze-stabilization during turning.

Based on the studies presented in the chapter 2-6, we suggested that the performance of Ehealth monitoring systems can be improved by three key factors: the understanding of specific
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problems in clinical practice, supporting evidence from basic science, and customized
engineering technique.
The understanding of specific problems in clinical practice
Generally, clinicians meet specific problems during the treatment of different diseases. Without
understanding the problems during clinical practice, the development of an accurate e-health
monitoring system would be problematic. Here we provide two examples in epilepsy (chapter
2) and Parkinson’s disease (chapter 4).
Epilepsy: Two independent raters annotated ictal discharges for the development of nonconvulsive seizure detection, but the inter-rater agreement in the seizure annotation for
individuals with non-convulsive status epilepticus was low, which is also mentioned in
previous studies 20,21,26,27. It is well known that annotation by human raters is the golden
standard for the development of seizure detection systems. Even though the final
annotations for the system development was double-checked by a third independent
rater, the causes of EEG misinterpretations of human raters are still needed to be
investigated for the detection-performance improvement. Therefore, we first executed a
clinical study and found that the low agreement between human raters might be caused
by abnormal background brain activity, inter-ictal discharges, and continuous short ictal
discharges. Inspired by the clinical findings, we used the visibility graph method to
extract morphological features to reduce misclassifications caused by the abnormal
background brain activity, and the 4-class classifier with the two additional synthetic
categories was proposed to reduce misclassifications caused by inter-ictal discharges
and continuous short ictal discharges.
Parkinson’s disease: Given the unpredictable and episodic nature of freezing of gait,
freezing episodes are difficult to be provoked in a lab environment. A limited number
of freezing episodes in a dataset make the development of freezing detection systems
difficult. Therefore, we first executed a clinical study (chapter 4) to determine the
effectiveness of different in-place movement conditions in provoking freezing episodes.
We found that turning is the most sensitive condition to evoke freezing episodes. As the
results of this clinical study suggested, 551 freezing episodes, which is a large number
of freezing episodes compare to previous studies 15, were provoked from 15 participants
during turning condition in our official experiments and used for the development of the
detection system.
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Supporting evidence from basic science research
Basic science research aims to deepen the understanding of natural phenomena and provides
the evidence to support applied science for technology development
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. In other words, the

evidence from basic science research is necessary for the development of a generalizable, valid,
and reliable e-health monitoring system. For example, freezing of gait is still a mysterious
clinical phenomenon, and we still need to investigate the mechanisms underlying freezing
episodes and the effective evaluation for freezing treatment 12. Accordingly, we did basic
science studies (chapter 5 & 6) to understand and characterize the freezing phenomenon using
multimodal physiological features, and developed a detection system with multimodal features
which are significantly related to freezing episodes. In chapter 5, we found the power spectra
of the frontal-central channel on brain and heart rate are not considerably related to freezing
episodes, which did not support results in previous studies 73,74, but are probably disturbed by
the movement artifacts associated with movement tasks which are sensitive in provoking
freezing episodes. Using these features in freezing detection or prediction systems, the
generalizability of the system performance is questionable. Conversely, we found that eye
movement variables could be a new series of potential features for freezing detection or
prediction according to our statistical comparisons of the eye movements between the freezing
episodes and successful movements (chapter 6).
Customized engineering techniques
The engineering techniques for e-health monitoring systems need to be customized to solve the
specific clinical problems and transfer scientific theories to real-life applications. For example,
to reduce the misclassification of non-convulsive seizures, we proposed a 4-class classifier
based on the binary RUSBoost classifier to diminish ambiguities caused by similar
manifestations of ictal and interictal processes. In addition, the visibility graph method was used
to extract morphological EEG features which help distinguish ictal discharges and other
abnormal background brain activity. For the freezing of gait detection, we applied multimodal
sensors on the body of participants during the experiments, analyzed these multimodal data,
and merged the features from different modalities to deepen our understanding of freezing of
gait and improve its detection performance.
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2. Future research
Brainwave chip
This study investigated the online monitoring algorithms for individuals with non-convulsive
seizures or freezing of gait. The algorithms has been transformed to a portable platform
“Brainwave chip”, which has been developed by two other PhD students. Merging the two
applications―non-convulsive seizure detection in individuals with epilepsy and freezing
detection in individuals with Parkinson’s disease―on the same platform can save the cost in
chip development and broaden potential user groups on the market. However, the combination
of these two applications will bring some challenges. Even though both epilepsy and
Parkinson’s disease are neurological disorder diseases, the aimed physiological signals and the
corresponding signal analysis methods are relatively different in the detection systems.
According to our research, EEG signals are required for non-convulsive seizure detection, while
EOG and accelerometer signals were proved to be suitable in freezing of gait detection. The
preprocessing methods, feature extraction, and the classification strategies were also
customized for each application. These differences in wearable sensors and algorithms may
increase the complexity of the design of a chip architecture. Meanwhile, the platform also has
its own limitations in the cost of energy and power for a long-term monitoring. Future studies
are needed to determine whether merging two applications on a chip, such as switching modes
for different diseases, is feasible for the 24/7 usage. In future, researchers could also explore
the potential application of the chip on other diseases. Furthermore, it would be valuable to
have following-up studies to test the real-life usage of our developed algorithms integrated on
the chip. For example, clinical trials using “Brainwave chip” for individuals with epilepsy or
Parkinson’s disease can be executed in a real-life environment. Generally speaking, the
transformation from research to products used in patients’ daily life is a long and complicated
procedure. Several generations of research to modify the design of algorithms and hardware
should be expected and are necessary since before the market introduction of a final product.

Data publishing
The development of e-health monitoring systems is hungry for data, especially the systems
using deep learning techniques. However, the number of available datasets in the clinical field
is commonly small because of the huge cost in data acquirement, validation, and management.
In the data acquirement phase, the clinical data can be retrieved from archived databases in
hospitals (e.g., the epilepsy dataset in our study) or be collected from well-designed clinical
114

Chapter 7

trials (e.g., the Parkinson’s disease dataset in our study). The data acquirement from the existed
hospital database seems to be “effortless” compared to the execution of clinical trials, but
researchers still need to spend considerable effort to organize and validate data collected by
different equipment and in different years based on enormous clinical histories. On the other
hand, the data collection from the designed experiment needs massive preparation works, such
as designing the experiment, getting the ethical approval for experiments with vulnerable
groups, recruiting participants, and implementing experiment for each participant. Researchers
may spend years in building a valid dataset.

Data publishing (publishing and sharing research data in a data repository or a data journal) is
therefore essential to make existed datasets fully used. Furthermore, through making each small
clinical dataset accessible to the public, datasets can be rapidly enlarged for the development of
e-health monitoring systems. In future, researchers, who investigate the same topics, should be
encouraged to apply unified criteria and terminology in their shared dataset to speed up the
dataset reuse and facilitate an efficient communication between different research groups. To
note, the public health crisis of COVID-19 in 2020 has boosted relevant data sharing to
accelerate research against coronavirus
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. We hope that such a data sharing trend could be

continued for studies about other diseases.

E-health in future
With the widespread usage of the fifth generation (5G) technology standard in
telecommunication, e-health, such as patient monitoring using wearable technologies and
remote treatment, could be part of our daily life in near future. An increasing number of patients
can get precision medicine with the assist of a portable equipment with multiple wearable
sensors. When patients feel sick, they would not need to visit their doctors in person, instead
they can send their relevant physiological data to doctors through the portable equipment.
Meanwhile, health-care system burden can be relieved when clinicians can remotely provide
effective advices and treatments based on the data which is real-time collected from patients.

The universal use of E-health in future can bring chances but also challenges in research. The
e-health usage in daily life can acquire large datasets, which can increase the generalizability
of research results and the accuracy of e-health applications. However, the huge amount of data
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is impossible to be annotated by professional human raters, as we did in our research, given the
expensive cost in manual annotations. Furthermore, the data can also be severely disturbed by
daily activity, such as walking, speaking, and eating. To address these challenges, we should
guide the e-health users, especially patients, to give a valid self-report about their daily activity
or symptom of interest. In addition, a baseline of the e-health equipment should be set by
professionals for individuals. The problems about the lack of validity in self-annotated data and
the daily-activity artefacts could also be addressed by advanced signal analysis techniques, such
as source separation method and semi-supervised machine learning.

3. Conclusion
The burden of our health care system is heavy and may increase in an aging population. Any
public health crisis, such as the COVID-19 crisis, could test the capacity of our health care
system and worsen the situation. E-health monitoring systems can help decrease the burden of
health care systems and assist timely treatments for individuals. However, accurate e-health
monitoring systems are still challenging. Hereby, we would strongly suggest a close
collaboration among researchers in the clinical, basic science, and engineering field in future ehealth monitoring studies. Inspired by problems during clinical practices, supported by the
evidence in basic science, and customizing engineering techniques, we could obtain accurate ehealth monitoring systems for people around the world in the future.

“I alone cannot change the world, but I can cast a stone across the waters to create many
ripples.”
― Mother Teresa
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Summary
E-health solutions, such as patient monitoring using wearable technologies, have been widely
promoted. The broad usage of e-health solutions can decrease the burden of national health care
system and increase quality of care. However, the extremely variable physiological signals and
patient demography are barriers to accurate e-health monitoring systems. In this thesis, we
stated our research about e-health monitoring systems for individuals with epilepsy or
Parkinson’s disease. We developed the systems from the perspective of clinical (chapter 2 &
4), basic science (chapter 5 & 6), and engineering (chapter 3 & 5) research.

With respect to the applications for individual with epilepsy, we first did a clinical study to
investigate the causes of unreliable electroencephalography (EEG) analysis for the diagnosis of
non-convulsive status epilepticus (chapter 2). The typical pitfalls in EEG visual (by human
raters) and automated (by computer technology) analysis were identified in this chapter. We
also provided suggestions as to how those pitfalls might be avoided. We found that short ictal
discharges with a gradual onset (developing over 3 seconds in length) were liable to be
misinterpreted. Other pitfalls were the misinterpretation of abnormal background activity (slow
wave activities, other abnormal brain activity, and ictal-like movement artifacts), continuous
interictal discharges, and continuous short ictal discharges. We argued that a longer duration
criterion for NCSE-EEGs than the one suggested by the Salzburg criteria is needed. Using
knowledge of historical EEGs, individualized algorithms, and context-dependent alarm
thresholds may also avoid the pitfalls.

To reduce false alarms in the non-convulsive seizure detection, we proposed a detection system
to prevent three common errors: over-interpretation of abnormal background activity, dense
short ictal discharges and continuous interictal discharges as ictal discharges in chapter 3. To
reduce the false alarms caused by abnormal background activity, we used morphological
features extracted by visibility graph methods in addition to time-frequency features. To reduce
the false alarms caused by over-interpreting short ictal discharges and interictal discharges, we
created two synthetic classes—“Suspected Non-ictal” and “Suspected Ictal”—based on the
misclassified categories and constructed a synthetic 4-class dataset combining the standard two
135
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classes—“Non-ictal” and “Ictal”—to train a 4-class classifier. The 4-class classification model
improved the performance of the standard 2-class model, especially increased the precision by
15% at an 80% sensitivity level when only time-frequency features were used. Using the
morphological features, the 4-class classification model achieved the best performances: a
sensitivity of 93% ± 12% and a precision of 55% ± 30% in the group level. 100% accuracy was
reached in a participant’s 4.3-hour recording with 5 ictal discharges.

With respect to the applications for individual with Parkinson’s disease, we firstly executed a
clinical practice study to determine the most effective in-place task to provoke freezing of gait
(chapter 4). We included 16 patients with Parkinson’s disease and subjective experience of
daily freezing episodes. All patients were examined in a practically defined OFF state, i.e., >12
hours after intake of the last dose of dopaminergic medication. The following tasks were
performed once by each patient, for 30 seconds each: (a) stepping in place at self-selected speed;
(b) making a rapid half turn (180 degree) in place; and (c) making a rapid full turn (360 degree)
in place. Rapid half and full turn in place were found to be more effective to provoke freezing
episodes than stepping-in-place. We recommend to ask the patient to make rapid alternating
180 or 360 degrees turns on the spot (360 degrees being preferred for patients with milder
freezing) when aiming to provoke freezing in daily clinical practice (when the available time
for physical examination is limited), and to repeat this when the first result is negative.

To validly and reliably evaluate freezing of gait in daily life, we characterized and detected
freezing episodes using multi-modal features from brain, eye, heart, motion, and gait activity
(chapter 5). The eye-stabilization speed during turning and lower-body trembling measure were
found to be significantly associated with freezing episodes and therefore used for freezing
detection. Using a leave-one-subject-out cross-validation, we obtained a sensitivity of 97% ±
3%, a specificity of 96% ± 7%, a precision of 73% ± 21%, a Matthews correlation coefficient
of 0.82 ± 0.15, and an area under the Precision-Recall curve of 0.94 ± 0.05. According to the
Precision-Recall curves, the proposed freezing detection method using the multi-modal features
performed better than using single-modal features.
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In chapter 6, we presented a basic science study to further explore the relationship between
freezing episodes and saccadic eye movements for gaze-direction and gaze-direction
stabilization during turning. The eye movements acquired from electrooculography (EOG)
signals were characterized by the average position of gaze, the amplitude of gaze shifts, and the
speed of gaze-direction stabilization. We compared these variables before and during freezing
episodes with the variables during successful turning. Significant changes of gaze direction
were observed almost one turn cycle before freezing episodes. In addition, the speed of gazedirection stabilization significantly decreased during freezing episodes. We speculate that
different gaze direction than the current turning orbit might be predictive for freezing due to
continued failure in movement-error correction or an insufficient preparation for eye-to-foot
coordination during turning. In addition, we argue that the decreases in the speed of gazedirection stabilization is an evidence of a healthy vestibular reflex system in individuals with
freezing episodes.

The application of e-health solution has been being widely used in daily life with the rapid
progress of techniques. The universal application of e-health monitoring systems can help
decrease the burden of health care systems and assist timely treatments for individuals.
However, accurate e-health monitoring systems are still challenging. Hereby, we would
strongly suggest a close collaboration among researchers in the clinical, basic science, and
engineering field in future e-health monitoring studies. Inspired by problems during clinical
practices, supported by the evidence in basic science, and customizing engineering techniques,
we could obtain accurate e-health monitoring systems for people around the world in the future.
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Samenvatting
E-health oplossingen worden tegenwoordig steeds populairder. Patiënten krijgen bijvoorbeeld
meetapparatuur mee naar huis, waarmee de verandering van hun fysiologische signalen wordt
gecontroleerd. Het breed gebruiken van e-health kan de druk op het gezondheidszorgsysteem
verminderen en de zorgkwaliteit verbeteren. De voornaamste uitdagingen van de e-health
toepassingen zijn echter uiterst variabele fysiologische signalen en zeer diverse
patiëntkarakteristieken. Deze factoren beïnvloeden de nauwkeurigheid van een e-health
systeem. Het doel van het onderzoek in dit proefschrift was nauwkeurige monitoringsystemen
voor patiënten met epilepsie of de ziekte van Parkinson te ontwikkelen. We hebben de systemen
onderzocht vanuit een klinisch (hoofdstuk 2 & 4), fundamenteel (hoofdstuk 5 & 6), en
technische (hoofdstuk 3 & 5) perspectief.

Om de monitoringsysteem voor patiënten met epilepsie te ontwikkelen, hebben we eerst
klinisch onderzoek gedaan. We exploreerden de oorzaken van een onbetrouwbare elektroencefalografie (EEG) analyse voor de diagnose van non-convulsieve status epilepticus (NCSE;
hoofdstuk 2). In hoofdstuk 2 werden de typische valkuilen in EEG visuele (door menselijke
beoordelaars) en geautomatiseerde (door computertechnologie) analyse aangeduid. Bovendien
stelden we een paar suggesties om deze valkuilen te vermijden. We hebben gevonden dat korte
ictale (epileptische) ontladingen met een geleidelijke start (die zich over 3 seconden
ontwikkelen) mogelijk verkeerd geïnterpreteerd konden worden. Een extra 2 minuten ictale
ontlading droeg bij aan een stijging van de kappas-statistieken van > 0,1. Andere valkuilen
waren de verkeerde interpretatie van abnormale achtergrondactiviteit (langzame golfactiviteit,
andere abnormale hersenactiviteit en de ictal-achtige bewegingsartefacten), continue interictale ontladingen, en continue korte ictale ontladingen. We stelden dat een langer duurcriterium
voor NCSE-EEG's nodig is dan dat in de Salzburgse criteria gebruikelijk is. Met behulp van de
kennis van historische EEG's, geïndividualiseerde algoritmen en contextafhankelijke
alarmdrempels kunnen ook de valkuilen worden vermeden.
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Om vals alarmen in de NCSE detectie te reduceren, hebben we een detectiesysteem ontwikkeld
om drie algemene fouten te vermijden: over-interpretatie van abnormale achtergrondactiviteit,
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dichte korte ictale ontladingen en continue inter-ictale ontladingen als ictale ontladingen
(hoofdstuk 3). Om de vals alarmen vanwege abnormale achtergrondactiviteit te verminderen,
hebben we morfologische karakteristieken gebruikt naast de tijdfrequentiekarakteristieken. De
morfologische karakteristieken werden door visibility-grafiekmethodes geëxtraheerd. Om de
vals alarmen vanwege over-interpretatie van korte ictale ontladingen en inter-ictale ontladingen
te beperken, hebben we twee syntheseklassen gecreëerd - "Suspected Non-ictal" en "Suspected
Ictal" - op basis van de verkeerd geclassificeerde categorieën. We hebben een synthetische 4klassen dataset opgebouwd waarin de standaard twee klassen - "Non-ictal" en "Ictal" - worden
gecombineerd om een 4-klassen classificeerder te trainen. Het 4-klassen classificatiemodel
heeft het resultaat van het standaard 2-klassenmodel verbeterd. Het 4-klassen classificatiemodel
verhoogde vooral de precisie met 15% bij een 80%-gevoeligheidsniveau wanneer alleen
tijdfrequentiekarakteristieken werden gebruikt. Door de morfologische karakteristieken te
gebruiken, behaalde het 4-klassen classificatiemodel het beste resultaat: een gevoeligheid van
93% ± 12% en een precisie van 55% ± 30% in het groepsniveau. 100% nauwkeurigheid werd
bereikt in de 4,3 uur durende opname van een deelnemer met 5 ictale ontladingen.

Met betrekking tot de toepassingen voor personen met de ziekte van Parkinson hebben we eerst
een klinische praktijkstudie uitgevoerd. De studie bepaalde wat de meest effectieve taak in situ
is om bevriezing van het lopen te veroorzaken (hoofdstuk 4). We hebben 16 deelnemers
onderzocht met de ziekte van Parkinson en subjectieve ervaring van dagelijkse
bevriezingsincidenten (niet meer kunnen starten met lopen). Alle patiënten werden onderzocht
in een praktisch gedefinieerde OFF-status, namelijk >12 uur na de inname van de laatste dosis
dopaminerge medicijnen. De volgende taken werden door elke patiënt één keer uitgevoerd, elk
gedurende 30 seconden: (a) in situ stappen met zelfgekozen snelheid; (b) een snelle halve draai
maken (180◦) in situ; en (c) een snelle hele draai maken (360◦) in situ. Snelle halve en volledige
draai in situ bleek effectiever om bevriezingen uit te lokken dan stappen in situ. Uit ons
onderzoek concluderen we dat het aan te raden is om de patiënt te vragen om ter plaatse snel
180 of 360 graden te draaien (360 graden heeft de voorkeur bij patiënten met mildere
bevriezingsverschijnselen) wanneer het de bedoeling is om in de dagelijkse klinische praktijk
bevriezingsepisodes uit te lokken (wanneer de beschikbare tijd voor het lichamelijk onderzoek
beperkt is). We suggereren dit te herhalen wanneer het eerste resultaat negatief is.
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Om op een geldige en betrouwbare manier bevriezingsepisodes in het dagelijks leven te
evalueren, hebben we bevriezingsepisodes gekarakteriseerd en gedetecteerd met gebruik van
multimodale karakteristieken van de hersenen, het oog, het hart, de beweging en looppatroon
activiteiten (hoofdstuk 5). De snelheid van de oogstabilisatie tijdens het draaien en het trillen
van het onderlichaam bleken significant geassocieerd met bevriezingsepisodes en werd daarom
gebruikt voor het detecteren van bevriezingsepisodes. Door middel van een leave-one-subjectout kruisvalidatie werd een gevoeligheid van 97% ± 3%, een specificiteit van 96% ± 7%, een
precisie van 73% ± 21%, een Matthews-correlatiecoëfficiënt van 0,82 ± 0,15 en een gebied
onder de Precision-Recall-curve van 0,94 ± 0,05 gehaald. Volgens de Precision-Recall curves
presteerde de voorgestelde bevriezingsdetectiemethode met behulp van de multimodale
karakteristieken beter dan het gebruik van single-modale karakteristieken.

In hoofdstuk 6 presenteerden we een fundamenteel wetenschappelijke studie om de relatie
tussen

bevriezingsepisodes

en

saccadische

oogbewegingen

voor

kijkrichting

en

kijkrichtingstabilisatie tijdens het draaien verder te onderzoeken. De oogbewegingen die
werden verkregen uit elektrooculografie (EOG) signalen werden gekenmerkt door de
gemiddelde positie van de kijkrichting, de amplitude van de verschuivingen in de kijkrichting
en de snelheid van de stabilisatie van de kijkrichting. We hebben deze variabelen voor en tijdens
de bevriezingsepisodes vergeleken met de variabelen tijdens succesvol draaien. Significante
veranderingen in de kijkrichting werden bijna één draai cyclus voor de bevriezingsepisodes
waargenomen. Daarnaast nam de snelheid van de stabilisatie van de kijkrichting aanzienlijk af
tijdens de bevriezingsepisodes. We stellen dat afwijkende trends in de kijkrichting van de
huidige draaicirkel voorspellend kunnen zijn voor de bevriezingsepisodes. De oorzaak hiervan
kan liggen in het feit dat de bewegings-foutencorrectie niet goed functioneert of dat er
onvoldoende voorbereiding is op de oog-tot-voetcoördinatie tijdens het draaien. Bovendien
stellen we dat de afname van de snelheid van de stabilisatie van de kijkrichting een bewijs is
van een gezond vestibulair reflexsysteem bij personen met bevriezingsverschijnselen.

De toepassing van de e-health-oplossing wordt tegenwoordig in het dagelijks leven op steeds
grotere schaal gebruikt door de snelle vooruitgang van de technieken. De universele toepassing
van e-health monitoringsystemen kan helpen om de belasting van de gezondheidszorg te
verminderen en om tijdige behandelingen voor individuen te ondersteunen. Nauwkeurige e141
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health monitoringsystemen zijn echter nog steeds een uitdaging. We suggereren hierbij een
nauwe samenwerking tussen onderzoekers in de klinische, fundamenteel wetenschappelijke en
technische vakgebieden om toekomstige e-health monitoringstechnieken te ontwikkelen.
Geïnspireerd door problemen tijdens de klinische praktijk, ondersteund door resultaten van de
fundamentele wetenschap, en geassisteerd door het ontwikkelen van engineeringtechnieken, is
het mogelijk om in de toekomst nauwkeurige e-health monitoringsystemen te verkrijgen voor
mensen overal ter wereld.
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