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GENERAL INTRODUCTION

Chapter 1

BACKGROUND
Case description
Mrs. R, an 83 years old patient, was admitted to the hospital for cardiac surgery. After
surgery she was admitted to the ICU according to the protocol and she started to wake
up around midnight and could be extubated. The morning after surgery, she was drowsy
and did not sleep very well, but she was not in pain. During the morning she slept and
she was transmitted to the medium care in the afternoon, still drowsy, but feeling okay.
During twilight, the nurse was warned by the alarms of the monitors and found the
patient being confused, disorientated, and agitated. Mrs. R. had unplugged herself
of the ECG monitor and pulled off her IV line. The physician was consulted and Mrs. R.
was diagnosed with delirium.
At the moment of delirium diagnosis, Mrs. R. was confused and did not understand
what happened. It was frightening for Mrs. R. not knowing where she was and for what
reason. Her family was asked to come over so Mrs. R. had familiar people around her,
who could also help her explain what was happening. The family told the nurse that
Mrs. R. saw a red truck driving into here room, which of course was not really there.
They were explained that such experiences are visual hallucinations, which can be
frightening for the patient. The nurse also helped in reorientation, with pictures of her
family and a clock in front of here. Moreover, the physician prescribed haloperidol to
reduce the symptoms for that moment. Despite the good recovery of her surgery, she
stayed longer in the hospital than on average. Within a year after surgery, she suffered
from cognitive problems and she was admitted to a nursing home.
Box 1.1

DELIRIUM: DEFINITION AND DIAGNOSIS
Delirium is a neurocognitive disorder with an acute decline in cognition and attention as
a consequence of an underlying physical problem1. It is a serious health care problem,
especially in critically ill and elderly patients2,3. Consequences of delirium, besides the
suffering of the current symptoms by the patient, are prolonged hospital and intensive
care unit (ICU) stay, long-term cognitive problems, institutionalization after the hospital
stay, and increased mortality and health care costs4–9. Therefore, delirium is a significant
problem for the individual patient, as described in the case description in Box 1.1, and for
health care in general.
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Criteria for delirium as described in the Diagnostic and Statistical Manual fifth edition
(DSM-5)1 include a disturbance of attention and awareness which develops in a short
period of hours to a few days, and additional cognitive disturbances. The disturbances
of attention, awareness, and cognition cannot be explained by already existing
neurocognitive disorders and there is always a physical underlying cause. Three motor
subtypes of delirium are defined: hyperactive, hypoactive, and mixed type. Hyperactive
delirium is characterized by restlessness, agitation, and hyper vigilance, whereas
hypoactive delirium is characterized by sleepiness, inactivity, and slow responses to
questions. Patients showing features of both hypoactive and hyperactive delirium have
the mixed type. In elderly and critically ill patients, the hypoactive form of delirium
occurs most frequently10,11.

1

Ideally, delirium is diagnosed by delirium experts: geriatricians, psychiatrists, and
neurologists with expertise in geriatric neuropsychiatry. However, approximately 50%
of the ICU patients and elderly patients admitted to the hospital suffer from delirium
during their ICU stay2,5. Thus, the high incidence of delirium and the increasing number
of elderly patients admitted to the hospital make it unfeasible for experts to evaluate
the presence of delirium in all patients. Moreover, due to the fluctuating course of
delirium a once a day visit might miss the delirious episode. Furthermore, it was shown
that physicians at the ICU often do not recognize delirium in their patients12. Therefore,
several tools for clinical nurses and physicians have been developed to improve
recognition. A broad range of different assessment tools are described and validated
in the literature. At the general wards, the confusion assessment method (CAM) is a
frequently used detection tool13. It is a questionnaire consisting of four features, which
are displayed in Box 1.2. A patient is recognized as having delirium when feature 1 and 2
and either 3 and/or 4 are positive.
Features of the confusion assessment method (CAM)13
1. Acute onset and fluctuating course
2. Inattention
3. Disorganized thinking
4. Altered level of consciousness
Box 1.2

For ICU patients, the most frequently used tool is the CAM-ICU, one of the adapted
versions of the CAM14,15. The CAM-ICU contains the same features as the CAM, but is
adjusted to be applicable in patients who are intubated and thus unable to speak.
In a research setting, both tools showed high feasibility and reliability. However, in
9

Chapter 1

clinical practice the delirium detection rate was insufficient with a sensitivity of 47% for
the CAM-ICU16 and 25% for the CAM17. The lowest detection rates were found in the
hypoactive delirium cases. In the clinical setting, interpretation of subjective features
can be difficult. For example, the first feature of the CAM(-ICU) may be difficult to
interpret if one has only the patient record as reference and one has not seen the
patient before. Therefore, there is a clear need for an objective and reliable tool for
delirium screening by clinical nurses.

THE BRAIN AS A COMPLEX NETWORK
The brain is a complex organ with billions of neurons18. Processing and transferring
information by neurons occurs by electrical signals. This electrical activity can be recorded
as field potentials using electroencephalography (EEG). These EEG signals are recorded
using electrodes, which are placed on different locations on the skull, and can therefore
measure brain activity from different areas of the brain. For each signal recorded at a site
of the brain, it is possible to calculate which frequencies this signal contains. Moreover,
combining all these signals, it is possible to assess the global function of the brain, or
the function of the brain as a complex network. Evaluation of the degree of interaction
or synchronization between all EEG signals, gives a surrogate measure of information
exchange between these EEG signals (i.e., brain areas). Since EEG electrodes record field
potentials at the scalp and not individual action potentials of neurons, it is not possible
to record the process of individual neurons using EEG. However, EEG based network
analysis provides insights in pathology and improved diagnosis of several conditions, such
as Alzheimer’s disease19 and epilepsy20. Moreover, disturbances of consciousness can be
studied using functional brain network analysis.
Consciousness is a broadly studied process of human function, but still not fully
understood. Previous studies proposed that consciousness is the result of information
processing and transferring over a highly integrated brain network21. Sedation, a
broadly applied model to study reduced levels of consciousness, was suggested to
disrupt these highly integrated brain networks, described as cognitive unbinding22,23.
Reduced functional connectivity (i.e., reduced synchronization) during reduced
levels of consciousness due to sedatives was found, indicating a less - or less efficient transferring of information between brain areas21,24. Moreover, the connectivity directed
from frontal to parietal regions of the brain was found to be disrupted during loss of
consciousness24,25. It was suggested that these forward and backward connections are
related to higher-order processing21, and thus for being consciousness25.
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Delirium is a diffuse cerebral dysfunction and therefore EEG can be used to assess the
disturbance of the electrical activity during delirium. Since decades, it is known that the
EEG recording of delirious patients shows slowing of the background pattern compared
to non-delirious subjects26. Specifically, increased delta (i.e., frequencies lower than
4 Hz) and theta (i.e., frequencies between 4 and 8 Hz) band activity were found to be
related to delirium27. Moreover, network analyses were performed in delirious patients
compared to non-delirious patients using EEG and functional magnetic resonance imaging
(fMRI)28,29. EEG based analysis showed reduced functional connectivity, disruption of
the directed connectivity, and disturbance of the functional brain network28. Although
not formally tested, these results seemed similar to the effects of sedatives24, which
may not be surprising since the disturbance of attention is one of the main features of
delirium1. The results of the fMRI study showed a negative correlation of the fMRI time
series between parietal (i.e., posterior cingulate cortex) and frontal (i.e., dorsolateral
prefrontal cortex) brain regions in the control subject29. This negative correlation can be
explained by the alternating activity of these two brain areas. The dorsolateral prefrontal
cortex is part of the executive network, which are brain regions that are activated during
a task. The posterior cingulate cortex is part of the default mode network, in which brain
regions which are activated at rest. During the delirium episode, the correlation between
these brain areas was positive instead of negative. The authors suggested that this may
contribute to the disturbance of awareness during delirium29.
Even though the results of the EEG and fMRI functional network studies are not directly
comparable, due to the differences between the used modalities, they both suggested
that delirium showed disturbed functional brain network, specifically the disturbance in
the parietal to frontal connectivity.

THE CLINICAL SETTING
In the ICU setting, several patients show reduced levels of consciousness, due to either
hypoactive delirium or the effects of sedatives. As symptoms are similar30, it may be
difficult to distinguish both conditions. However, it is clinically important to know which
patients suffer from delirium and may need an intervention. The neurophysiology of
these two states of reduced consciousness may be different. This can be evaluated using
power spectral analysis and functional network analysis based on EEG recordings. It
is unclear if the functional brain network changes differently during reduced levels of
consciousness due to sedatives and reduced levels of consciousness due to hypoactive
delirium.

11
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For delirium, it was shown that relative delta power (i.e., frequencies lower than 4 Hz)
based on a bipolar EEG recording can distinguish between delirious and definite nondelirium patients after cardiac surgery31. Based on this study, an EEG-based delirium
monitor was developed, having only four electrodes making it easy to apply and feasible for
clinical practice. This EEG-based delirium monitor needs to be validated in an unselected
patient population, including the entire spectrum from definite no delirium towards
definite delirium. The goal is to find a simple tool which can objectively detect delirium
and monitor the course of delirium during hospital stay. To be able to implement such
a tool in clinical practice, other effects influencing the EEG have to be explored. One
important factor in this context of the ICU setting is the use of sedatives. Sedatives are
frequently prescribed in ICU patients for comfort32. Combining the results of the validation
study and the effects of sedatives on the EEG may help in recognizing delirium based on
the bipolar EEG-based delirium monitor, specifically for ICU patients. Moreover, this EEGbased method to recognize delirium may be able to detect delirium in an earlier stage than
the current diagnosis. The patient example, Mrs. R. described in Box 1.1, already showed
some symptoms of delirium in the morning after surgery (i.e., being drowsy), however
she was not diagnosed as delirious until the end of the day, when she fulfilled all DSM-5
criteria. This may indicate that the delirious episode has already started in the morning,
which might be an opportunity to detect the ongoing process of delirium using EEG in
earlier stage compared to the expert diagnosis based on symptoms.

OBJECTIVE OF THIS THESIS
This thesis has two main objectives. The first objective is to improve our knowledge of
reduced levels of consciousness during hypoactive delirium, the most common delirium
subtype. For this purpose, the functional brain network during hypoactive delirium was
assessed using EEG recordings. In addition, the functional brain network during similar
states of reduced levels of consciousness, induced by sedatives, was studied to assess
differences compared to hypoactive delirium.
The second objective of this thesis is to improve delirium detection for routine clinical
practice using EEG. First, we studied the current quality of delirium diagnosis in clinical
practice. Thereafter, the EEG-based delirium monitor was validated in postoperative
elderly patients, assessing the possibility to detect delirium in clinical practice based on
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a simple EEG recording. Finally, improved delirium detection could also be achieved by
early detection or prediction of delirium prior to the clinical diagnosis. Therefore, the
possibility to predict delirium based on EEG was evaluated.

1

OUTLINE OF THIS THESIS
Part I: Resting state EEG during hypoactive delirium and light levels of sedation.
In the first part of this thesis, the changes in functional network during reduced levels
of consciousness due to either hypoactive delirium or the resulting effects of sedation
were evaluated. Chapter 2 is a review describing the analysis pipeline of functional
connectivity and network analysis, including the choices and challenges for each step
to consider. With the increase of interest in functional brain networks and the available
functional network measures, comparison between studies becomes more challenging.
This review describes the advantages and limitations of the currently used measures
for functional connectivity. In chapter 3 the results of the functional connectivity and
network analysis performed in patients with hypoactive delirium, patients recovering
from anesthesia, and non-delirious patients are presented. In chapter 4 the effects of
two commonly used sedatives, midazolam and propofol, are assessed using EEG-based
functional network analysis in patients undergoing light sedation.
Part II: Validation of an EEG-based delirium monitor.
In the second part of this thesis, the results of the validation of the EEG-based delirium
monitor are described. In chapter 5 the currently used methods of diagnosing delirium
are evaluated, in both delirium experts and clinical nurses using delirium screening
tools. Chapter 6 describes the results of the validation study of an EEG-based delirium
monitor in postoperative older patients. In chapter 7 the possibility of using this EEGbased delirium monitor to predict delirium prior to clinical diagnosis is evaluated.
Part III: Summary and general discussion.
Finally, the main results are discussed and a summary of this thesis is given. The results
are discussed in relation to the two main objectives, and how these results can help to
improve delirium detection. Suggestions for future perspective of delirium detection in
clinical practice and research setting are considered.
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ABSTRACT
Electroencephalogram (EEG) and magnetoencephalogram (MEG) recordings during
resting state are increasingly used to study functional connectivity and network topology.
Moreover, the number of different analysis approaches is expanding along with the
rising interest in this research area. The comparison between studies can therefore
be challenging and discussion is needed to underscore methodological opportunities
and pitfalls in functional connectivity and network studies. In this overview we discuss
methodological considerations throughout the analysis pipeline of recording and
analyzing resting state EEG and MEG data, with a focus on functional connectivity and
network analysis. We summarize current common practices with their advantages and
disadvantages; provide practical tips, and suggestions for future research. Finally, we
discuss how methodological choices in resting state research can affect the construction
of functional networks. When taking advantage of current best practices and avoid the
most obvious pitfalls, functional connectivity and network studies can be improved and
enable a more accurate interpretation and comparison between studies.
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INTRODUCTION AND RATIONALE
In recent years, there has been a growing interest in characterizing the functional network
of the brain ‘at rest’. This so-called ‘resting state’ paradigm is believed to reflect intrinsic
activity of the brain, which may reveal valuable information on how different brain areas
communicate1–3. It has linked spontaneous – task independent – fluctuations in neural
activity to diseases, cognitive decline, and disturbances in consciousness4–7.
This interest in the ‘resting state’ is associated with several breakthroughs in functional
magnetic resonance imaging (fMRI) research8. The claim, however, that valuable
information on communication between brain areas can be inferred from intrinsic activity
– obtained with neurophysiological techniques – is much older (for a comprehensive
overview see9,10). The high spatial resolution might be a favorable feature of fMRI; still
this technique only provides an indirect measurement of brain activity and has a limited
temporal resolution. Information processing in the brain, however, acts on multiple timescales, depending on the specific cognitive or behavioral function11. A considerable part of
the information processed in the brain at rest is encoded on time scales from milliseconds
to seconds12, a time scale that better suits techniques such as electroencephalography
(EEG) and magnetoencephalography (MEG).
In the last decade, EEG and MEG connectivity and functional brain network studies
have gained considerable interest resulting in a yearly growing number of published
studies on this subject (Figure 2.1). These studies have provided valuable information
on the deviant organization in the diseased brain, such as in Alzheimer’s disease13,14,
epilepsy15,16, schizophrenia17,18, multiple sclerosis19,20, Parkinson’s disease21, as well as in
# of articles
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Figure 2.1. Number of articles per year from Pubmed search using keywords “(EEG OR MEG) AND (connectivity OR brain
networks OR functional networks OR graph theory OR network analysis)” in the period 2003-2013.
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the healthy brain on topics as aging22,23, gender differences24 and a healthy lifestyle25.
Furthermore, connectivity and functional brain network studies can be used in the
clinical setting. For example, in epilepsy it has been shown to prompt early diagnosis26
and to improve accuracy of epilepsy surgery by removing aberrant network nodes27.
In Alzheimer’s disease, EEG connectivity studies were used to monitor the success of
novel interventions28. Similarly, progression of cognitive deficits in Parkinson’s disease
was correlated with functional brain network changes29. Together these examples
clearly underline the importance and additional value of connectivity and brain network
analyses in EEG and MEG research.
When performing these analyses, one makes several assumptions and choices that
may influence the eventual results. Moreover, the literature on functional connectivity
and functional network studies is rapidly evolving, with an increasing number of
analysis methods becoming available. Discussion is needed to obtain uniformity
and comparability between different studies30,31. The present paper therefore aims
to highlight challenges, problems, and opportunities that are encountered when
performing this type of research. As there are only few methodological studies that
address these issues systematically, our review can be seen as a reflection of the current
state of the field. We provide an overview of the methodological issues that should be
considered when performing functional connectivity and network studies with EEG or
MEG, and highlight the advantages and disadvantages of different approaches. Although
we specifically focus on resting state EEG and MEG studies, most of the information
provided is also applicable to task-related studies and other imaging techniques such
as fMRI.
We start with subject-related methodological issues that are of interest when conducting
a resting state study. What is resting state, and how does the heterogeneous experience of
subjects affect resting state studies? Furthermore, we explain how the state of vigilance
and an eyes open versus eyes closed condition might influence the resting state recording.
We then summarize analysis-related methodological choices that can strongly influence
the eventual results of a functional connectivity or network study, namely: choice of
EEG reference, source space analysis, artifact handling and filtering, epoch selection,
choice of frequency bands, and test-retest reliability. For each methodological choice
we introduce current common practice, explain why these choices are important for
the eventual data analysis and summarize the advantages and disadvantages of each

22

Opportunities and methodological challenges in EEG and MEG resting state functional brain network research

choice. Furthermore, we discuss issues that are still unresolved or subject of debate
and give some general recommendations. Subsequently, a concise overview of currently
used functional connectivity measures is provided and how these connectivity measures
relate to various methodological choices and assumptions. Finally, we discuss current
challenges in functional network analysis based on EEG and MEG recordings.

2

SUBJECT-RELATED METHODOLOGICAL ISSUES
WHAT IS ‘RESTING STATE’ AND HOW DOES IT AFFECT THE
RECORDING?
Resting state is the state in which a subject is awake and not performing an explicit
mental or physical task. Traditionally, the ‘resting state’ condition was commonly used
in EEG research – besides event-related potential studies – to study patterns of brain
activity, whereas fMRI research was mainly focused on alterations in activity during
task performance. Early EEG studies, including the first EEG recordings performed by
Berger32, already provided evidence for patterns of brain activity when subjects were
not performing a task33. Ironically, it was not until Biswal and colleagues revealed a
distinct fMRI pattern of interacting brain regions when not performing a task that the
resting state condition became a research paradigm for the study of interconnectivity of
brain regions34. Since then, many studies have identified sets of brain regions that share
a common activation pattern during the resting state1,35 including the ‘default mode
network’36,37 and other so-called resting state networks38. These resting state networks
have been replicated and validated both in neuroimaging and neurophysiological
studies39–41, suggesting that resting state patterns of connectivity are the result of robust
and specific intrinsic neural activity.
In contrast to task related activity, it is difficult to control the behavior of subjects during
a resting state experiment. Differences in the specific instructions for the resting state
period may at least partly influence the activity of the default mode network42. Commonly,
subjects are asked to close their eyes and not to fall asleep. As a result, thoughts are
drifting and thereby creating stimulus independent thoughts43,44.
A recent study investigated what kind of thoughts patients experienced during a resting
state recording and found several phenotypes of resting state cognition45. Even when
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similar instructions were given to subjects, the subjective experience during a resting
state recording varied greatly, thereby potentially confounding the results. In addition, the
cognitive state before the recording could also influence resting state dynamics46. These
findings underline the heterogeneous experience of subjects during the resting state
condition. Instructing a resting state condition might thus not be as straightforward as it
seems. Controlling spontaneous thoughts is difficult, however, it might not be necessary
as the experienced random episodic spontaneous thoughts seems to activate similar brain
regions as resting state networks43. Furthermore, consistent activation patterns of resting
state networks in healthy controls among studies suggest only a limited influence35.
To reduce the externally induced heterogeneity of the resting state condition, we
recommend the use of a priori defined instructions throughout a study, which should be
reported in the method section of the eventual manuscript. Furthermore, subjects should
have a similar pre-experimental procedure, to avoid introducing variance in cognitive
state. Therefore, researchers should consider the order of neuropsychological testing and
recording of resting state. We suggest to first record a resting state condition after which
an experimental session can be performed to minimize disturbances of the resting state
condition. Finally, longer registration increases the stability of resting state networks, as
with time it becomes more likely that the complete repertoire of resting state networks
has been activated47, but this also increases the risk of drowsiness in subjects when no
precautions are taken. The exact relation between duration of recording and stability
in EEG and MEG resting state functional connectivity remains complex and is discussed
further in section 'Epoch selection'.

STATE OF VIGILANCE
During the day, the brain is constantly shifting between different levels of activation,
also called ‘states of vigilance’. In EEG and MEG research, we distinguish several
vigilance states. These different states can be identified by visual inspection or spectral
analysis of the EEG48,49. The three most studied vigilance states are wake, sleep, and
sleep deprived. The state ‘drowsiness’ is often avoided in resting state research,
because alertness or wakefulness is reduced during a drowsiness state and may vary
and influence measurements greatly. However, recognizing drowsiness in resting state
recordings can be difficult and requires a systematic approach50,51. Each state of vigilance
has specific characteristics that contribute to differences in spectral power52,53 and
functional connectivity54,55. Several factors have been identified that influence state
of vigilance: circadian rhythm54, task performance before the recording56, including
neuropsychological testing, medication use, or even caffeine intake57–59. Body posture
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and recording environment may also affect vigilance and, consequently, functional
connectivity measures. For example, drowsiness is more likely to occur in a dimly lit
and sound attenuated room with the subject in supine position, compared to a noisy
environment with the subject sitting in daylight. Also, the amplitude of the EEG recording
changes as a result of different body postures due to shifts in cerebrospinal fluid layer
thickness60. The effect size of these possible confounders in resting state studies is
unknown. It is therefore recommended to eliminate or record and correct for these
possible confounders as much as possible.

2

EYES OPEN VERSUS EYES CLOSED
Whether a recording is performed with eyes open or eyes closed influences the
resting state condition greatly. Evidence from fMRI, MEG and EEG studies has revealed
differences between eyes open and eyes closed conditions for functional connectivity
measures and functional networks61–64. Irrespective of the condition, eye movements
affect neurophysiological recordings, particularly the frontal channels65,66 and are thus
a potential confounder in connectivity analyses. Both eyes open and eyes closed are
associated with specific eye movements. For example, eye blinks are more prevalent
during eyes open condition, whereas rolling of the eyes might particularly influence the
eyes closed condition. Rolling of the eyes during eyes closed condition is often due to
drowsiness, which is normally not a state of vigilance where resting state studies are
interested in and, as a result, discarded from further analysis. Furthermore, the eyes
closed condition is more stable over sessions when quantifying EEG parameters than the
eyes open condition67 and standardization of the procedure is relatively straightforward
even in subjects who are difficult to instruct such as children, or patients with behavioral
or cognitive problems. Together with the robust topographic effect posteriorly in the
alpha frequency band when eyes are closed, thereby giving good guidance for selecting
resting state epochs, we advocate to use the eyes closed condition during resting state
recordings. Methods to automatically remove eye movements from the EEG and MEG
recordings are discussed in section 'Artifact handling and filtering'.

ANALYSIS-RELATED METHODOLOGICAL CHOICES
CHOICE OF REFERENCE
In contrast to MEG, the electric potentials measured by EEG electrodes are defined with
respect to a reference. Besides bipolar recordings, in which EEG activity is defined by
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the electric potential difference between two electrodes, EEG recordings often use a
single common reference such as auricular, mastoid or central electrode as reference.
These conventional reference montages are confounded by brain activity that will
eventually affect further analysis. As a result, recordings are often re-referenced offline
to compute reference montages that are electrophysiologically more silent68–71. The
common average reference has previously been suggested as a practical compromise to
reduce the confounding effect of brain activity that is picked up by the reference69. The
advantage of the common average reference of approximating a zero sum reference is,
however, increasingly lost in low-density EEG recordings72,73. To this end, several new
other methods have been proposed. These include the infinity reference, which tries
to estimate a time-varying constant that is removed from the recorded data74, and the
surface Laplacian, which represents a truly reference-free transformation75,76. Similar to
the conventional and average common reference, the infinity reference is reversible to
the original reference scheme, whereas the surface Laplacian involves the estimation of
radial current flow at the scalp, which cannot be undone76. Both methods, in particular
surface Laplacian, have been used empirically in various basic and applied contexts73.
Recently, a statistically robust method has been proposed to adequately mitigate the
influence of neural activity in the common average reference77. More investigations are
needed to further explore the performance of this theoretically appealing method.
A related question is to what extent reference choice will affect the computation of
connectivity measures. For example, Qin and colleagues demonstrated that infinity
reference has a superior performance compared to other reference montages when
estimating functional connectivity by means of coherence78. Correlation measures such
as coherence, however, are increasingly abandoned in connectivity studies, as they fail
to include information on the intrinsic nonlinearity of brain activity and it is currently
unclear whether the superior effect of the infinity reference is maintained when using
nonlinear connectivity measures. We await future studies that critically evaluate possible
biases due to reference as was illustrated for effective connectivity measures79.
In the light of the ongoing discussion on reference choice71,80 and its effect on connectivity
measures78,79 we encourage researchers to explore the effects of different types of
references when computing connectivity measures.
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SIGNAL VERSUS SOURCE SPACE
Many resting state EEG and MEG studies use the activity at the electrode level to infer
how brain regions are (functionally) interconnected. These analyses are performed in socalled ‘signal space’ as neural activity is directly inferred from signals measured at the EEG
electrode or MEG sensor. When performing connectivity analysis in signal space, several
factors should be considered. Firstly, multiple electrodes pick up activity from a single
source due to the nature of the signal, also called ‘field spread’81. A second problem
is related to volume conduction: the ‘blurring’ effect due to the electrical conduction
properties of the human head82. Together, these factors can result in an erroneous
estimate of the actual connectivity between brain areas. To obtain more reliable
information on the communication between brain areas, studies project the activity
measured at the electrode or sensor (signal space) back to the underlying sources, the
so-called ‘source space’.
The mapping from signal space to source space is known as the inverse problem52.
Unfortunately, no unique solution exists to this problem83, unless constraints and
assumptions are made. These assumptions concern, for example, the number of
possible sources or the non-linearity between sources84,85. Furthermore, analyzing
neurophysiological signals in source space does not completely overcome the problems
of field spread and volume conduction, and it has therefore been suggested to combine
source space analysis with a robust connectivity measure86. These robust measures
include, for example, imaginary coherence, phase slope index or phase lag index (section
'Connectivity measures'). Secondly, the mixture of signals arising from spatially separated
sources at a single electrode also hampers the interpretation of connectivity estimate
in signal space73,87. Source space analysis could be helpful in demixing signals85. Various
approaches for source space analysis have been offered88, including low resolution brain
electromagnetic tomography (LORETA) in EEG research89 and the beamforming approach
for EEG and MEG recordings84,90. In general, the accuracy of source localization increases
with the number of recording sites91 if the signal quality remains constant, although a
noiseless recording condition may also allow source localization with a standard 10-20
system92. A high channel density recording might even become a disadvantage for source
reconstruction approaches that rely on an accurate description of the lead fields. Lead
field is defined as the electrode or sensor signal that is produced by a source of unitary
strength. Incorrect source and head models lead to deviations from the ‘true’ lead fields,
and subsequently to source reconstruction errors93,94. These errors in the lead fields are
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more discernible when using good quality data. Counterintuitively, recordings with higher
signal-to-noise ratio and higher density may therefore degrade source reconstructions
in the presence of these modeling errors. Finally, increased channel density can result
in bridging, the incidental spread of electrolyte gel between adjacent electrodes,
thereby negatively influencing the recording and subsequent inverse solutions and/or
connectivity estimates95.

ARTIFACT HANDLING AND FILTERING
To minimize the influence of artifacts on the results, visual inspection and automatic
detection of artifacts are often used to remove artifacts or to select artifact-free data
segments. Many attempts have been made to reject or mitigate eye movement artifacts,
to reduce interobserver variability, and to improve efficiency in visible inspection
of the data96,97. Blind source separation, such as independent component analysis,
is increasingly used for the detection and removal of ocular artifacts98,99, although
it is unknown to what extent these artifact reduction methods influence functional
connectivity and network metrics. Furthermore, a number of techniques is available
for automatic removal of muscle artifacts; however, none of them guarantees muscle
artifact free data100. Improvement of software-based muscle artifact recognition is
therefore needed101,102. Currently, most studies use visual inspection to eliminate
epochs with myogenic or eye-movement artifacts, although the precise procedure is
often not described. Some studies mention the removal of frontopolar and auricular
channels to reduce the influence of artifacts103,104. Although these artifacts will also affect
other channels due to volume conduction, this influence is reduced when excluding
frontopolar and auricular channels prior to offline re-referencing. It is, however,
preferable to select artifact free epochs. In addition, visual recognition of any EEG
artifact depends on the chosen reference montage. This means that a possible artifact
on the reference channel could influence all other recording sites and could lead to the
undesirable rejection of an epoch. Although this problem is relatively easy resolved by
replacing (e.g., interpolating) the original reference, it underlines the importance that
visual inspection should be done by a well-trained researcher.
In EEG and MEG recordings analogue filtering is needed to prevent from aliasing and
eliminate the direct current (DC) component. Besides the analogue filtering, software
programs have digital filtering options that can be useful to improve inspection and
selection of epochs. It is important to realize, however, that this digital filtering may
affect amplitude and phase of EEG and MEG recordings. It is essential to know how the
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data is exported from the recording device and whether a digital filter is contaminating
the signal. To avoid any possible influences of the digital filters on the recorded signal, it
is therefore important to consider elimination of software based filtering or to use zerophase filtering, for example by a forward and reversed filtering approach.

EPOCH SELECTION
Standardization and interobserver variability in epoch selection
Selection of epochs based on visual inspection is a subjective approach, which may result
in inter-observer variability. The effect of epoch selection on functional connectivity has
never been investigated systematically. A few studies, however, assessed the stability of
their outcome measures by repeating the analysis with a different number and selection
of epochs, showing minimal changes between conditions29,104,105. This may indicate a
modest subjective influence on epoch selection when sufficient epochs are selected.
Still, automated analysis could be helpful for researchers and clinicians in evaluating and
improving epoch selection in EEG and MEG recordings106. The current complexity and
limited transparency of automated detection systems demotivate researchers to use it
on a larger scale107 although recent advances are promising108. Also, it is recommended
to define the selection criteria prior to the epoch selection. Selection by two or more
experienced researchers or clinicians could improve the reliability of the epoch selection.
For example, when a researcher selects epochs according to predefined criteria, a
second researcher can be asked to independently evaluate the selected epochs. When
both researchers agree on the quality, the epoch can be included. Epochs without
consensus can be replaced by new epochs. Another option is the use of an automatic
software-based rejection procedure or a random selection among all selected artifactfree epochs108. Beside the elimination of artifacts in the included data, it is important
to define the time segments in the recording from which epochs are selected. As the
variance of vigilance increases with the length of the EEG recording109, we recommend
selecting the first artifact-free epochs of sufficient quality after the start of the resting
state recording. In this way, selection bias of EEG epochs will be minimalized.
Number and length of epochs and sample frequency
Different epoch lengths and number of epochs are currently used in resting state
functional connectivity studies, ranging from one second110,111 to a few minutes112 or
even a day54 for epoch length, and from one epoch113 to over 100 epochs containing
the entire EEG recording110. Previous studies have investigated epoch length in relation
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to connectivity stability111,114,115 and showed that the length of epochs to obtain
connectivity measures is highly dependent on the type of connectivity measure. Recent
studies have used a more pragmatic approach and extended the original analysis to
investigate connectivity stability for the included subjects, for example, by determining
the minimum number of epochs that are needed using a leave-one-out analysis105.
Similarly, varying the epoch length revealed that a longer epoch length does not
automatically imply a more stable connectivity value. For phase synchronization measures,
longer epochs could result in lower connectivity values based on the asymmetrical
distribution of the phase difference104. From this perspective, we recommend to use
epochs of an identical length within a study, as epoch length can influence the
connectivity measure104, and to choose an epoch length in accordance with the
connectivity measure of choice. Furthermore, we recommend computing connectivity
values per epoch and consequently an average value (over epochs) per subject to
increase the stability of connectivity values. In some studies, it might be particularly
interesting to investigate temporal dynamics of functional connectivity and networks. The
use of sequential short epochs might be useful to study these dynamical properties116.
An often neglected issue when choosing epoch length and number is the sample
frequency. Increasing sample frequency will result in a higher temporal resolution
and, consequently, a higher number of samples in one epoch. It is unclear how sample
frequency influences connectivity measures exactly, although it is reasonable to assume
that a lower sample frequency leads to a reduced sensitivity and a larger variability over
epochs for detection of coupling between signals. Sample frequencies commonly used
in functional connectivity EEG and MEG studies range between 250 and 512 Hz. Analysis
of connectivity measures in higher frequency bands requires higher sample frequencies
to fulfill the Nyquist-Shannon sampling theorem117. Otherwise, the spectral resolution is
only dependent on the length of the epochs. We recommend comparing epochs with a
similar sample rate even if this would mean down sampling for some epochs.

CHOICE OF FREQUENCY BANDS
Factor analysis revealed that the classification of EEG recordings into distinct frequency
bands, namely delta (0.5 – 4 Hz), theta (4 – 8 Hz), alpha (8 – 13 Hz), beta (13 – 30 Hz),
and gamma (30 – 90 Hz), is statistically sound118. Furthermore, each frequency band is
associated with distinct cognitive functions119. Nevertheless, considerable disagreement
exists whether traditional frequency bands are indeed fixed entities. For example,
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spectral band limits seems to depend on factors such as age24,120. In addition, it has been
argued that the lower (8 – 10 Hz) and higher (10 – 13 Hz) alpha frequency band are
involved in different cognitive processes121. The reliability of the gamma frequency band
is under debate as it remains questionable whether gamma oscillations can be reliably
inferred from surface recordings11. Although various research fields have consistently
identified gamma activity being related to tasks (e.g., visual attention, perception and
memory11) or diseases (e.g., epilepsy, autism, ADHD and schizophrenia122), studies
have suggested that EEG oscillations >20 Hz from surface recordings reflect myogenic
artifact102,123. These artifacts can, however, be removed using surface transformations
of the EEG124. Besides myogenic artifacts, saccadic spike potentials are also known to
affect the gamma frequency band125,126. Finally, various diseases of the brain have been
associated with abnormal slowing in specific frequency bands and thereby acting as
disease specific modifiers, for review see127. These disease specific spectral changes
might become a problem when evaluating connectivity measures in these patients,
particularly when connectivity measures are strongly dependent on amplitude.
Connectivity measures based on phase differences are therefore recommended, as
they are not or less sensitive to amplitude differences. In addition, we suggest
performing a power spectral analysis along with connectivity and functional network
analyses to disentangle disease specific spectral changes from disease related
connectivity and network changes in the frequency bands26,103. To overcome previously
described frequency band-related problems, some studies have used a broadband
approach. This could be an option when exploring an undirected hypothesis and to avoid
inflated type I error rates due to multiple comparisons across frequency bands, but it
will probably fail to disentangle simultaneous (opposing) changes in different frequency
bands.

TEST RE-TEST RELIABILITY
To evaluate changes in resting state EEG recordings over time or the effects of an
intervention, it is important to understand the effects of multiple recordings over time on
the outcome measures. Previous literature showed a moderate to high intra-individual
correlation in EEG spectral analysis, with correlation coefficients ranging between 0.4 and
0.9128–132. These correlations do not seem to depend on the time interval between the
recordings29,133. When the interval between two tests are separated by a few months or
years, one should also be aware of the effects of aging, especially in pediatric studies22,24.
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CONNECTIVITY MEASURES
To investigate functional interactions between brain regions, EEG and MEG studies have
used different connectivity measures, for an overview see134–136. The quantification of
interacting brain regions can be subdivided into functional and effective connectivity
measures137,138. Connectivity measures are based on statistical interdependencies between
signals139. The extent to which brain regions are connected is defined by the strength or
consistency of this statistical interdependency140, also called synchronization. In dynamical
systems the term synchronization generally refers to (phase) coupling of two or more
harmonic oscillators141, but it is currently used in a more liberal way in brain connectivity
analyses142. Thus, a stronger synchronization, often reflected by a high coupling or
consistency of oscillating systems, leads to a stronger connection. In contrast to functional
connectivity measures, which only give information about the temporal correlation,
effective connectivity measures also provide information on causal and therefore directed
information flow between brain regions138. Increasing evidence suggests that information
processing in the brain follows a complex, directional pattern between brain regions143.
Besides effective connectivity, directed functional connectivity measures can reveal
disturbances in the normal directionality of information flow in the diseased brain, for
example, in dementia79, epilepsy144, or when consciousness is disturbed145. These directed
functional measures do not provide information about the causal relation between brain
areas.
Deciding on the most appropriate connectivity measure can be arduous, as several issues
should be considered. This includes the consideration of linear or nonlinear relations,
analysis in time or frequency domain, using an amplitude or phase-based measure,
obtaining directed or undirected information, and whether to include indirect relations
or not (i.e., multivariate or bivariate). Linear correlations to investigate connectivity
of the brain have been used for several decades and are relatively straightforward in
terms of computation and interpretation, for a review see146. Since these linear methods
are not able to take into account the intrinsic nonlinearity of neuronal activity, various
nonlinear connectivity measures have been introduced134,147–149, including several phasebased connectivity measures, such as the phase locking value150 and phase lag index151.
Besides considering nonlinearity, novel multivariate connectivity measures are aiming to
differentiate between direct and indirect interrelations138. Whereas bivariate measures
disregard the influence of other signals when computing the interaction between
two signals of interest, multivariate measures try to disentangle this information in a
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Property measured

The linear relation between the
amplitude of two signals in the
time domain

The linear relation between the
amplitude of two signals in the
frequency domain

The future of signal X can be
predicted more precisely when
the past of signal Y is included and
vice versa

The directed linear relation
between two signal in the
frequency domain based on the
Granger causality principle

Gives the causal relation between
the outflow of node X towards
node Y in the frequency domain
based on Granger causality
principle, normalized by all inflows
towards node Y

Connectivity
measure

Correlation

Coherence

Granger
causality

Directed
coherence

Directed
transfer
function

Directionality of
information flow
Distinction between
common source and
interconnectedness
Insensitive to volume
conduction

Directionality of
information flow

Estimates causal
interaction,
and therefore
directionality is
assessed
Well established and
widely used in many
fields of research

Commonly used
and straightforward
method

Commonly used
and straightforward
method

Advantage(s)

Nonlinearity not considered
Not possible to make a distinction between direct and
indirect relations
Noisy channels affect the directionality
Difficult to estimate an optimal order for the multivariate
model

Nonlinearity not considered
Not possible to make a distinction between direct and
indirect relations
Sensitive to volume conduction

Nonlinearity not considered
Methodological choices (e.g., choice of reference in EEG),
as well as other confounders (e.g., volume conduction)
could interfere with the actual causality

Nonlinearity not considered
Not possible to make a distinction between direct and
indirect relations
Sensitive to volume conduction

Nonlinearity not considered
Not possible to make a distinction between direct and
indirect relations
Sensitive to volume conduction

Disadvantage(s)

168

167

164-166

163

162

Key
reference(s)
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Table 2.1. Overview of different connectivity measures used in EEG and MEG research, with their advantages and
disadvantages.
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Gives the causal relation between
the outflow of node X towards
node Y in the frequency domain
based on Granger causality
principle, normalized by all
outflows from node X

Based on coherency*, but
excluded the influence of volume
conduction by including only the
imaginary part of the coherency

Gives the amount of information
in signal X that can be explained
by signal Y and vice versa, based
on the probability distribution of
X and Y, and the joint probability
distribution of X and Y

Partial directed
coherence

Imaginary part
of coherency

Mutual
information

No directionality of the interaction
Weak coupling could be missed
Complicated computational measure to obtain from
experimental time series
Not possible to make a distinction between direct and
indirect relations

Nonlinearity not considered
Imaginary part is mostly small, thereby risking to miss
meaningful interactions
Not possible to make a distinction between direct and
indirect relations

Nonlinearity not considered
Not possible to make a distinction between direct and
indirect relations
No conclusion about the strength of coupling, due to
normalization
Difficult to estimate an optimal order for the multivariate
model

Disadvantage(s)

Gives the modulus of the averaged Nonlinearity is taken
instantaneous phase differences
into account
between two time series

171

170

153

169

Key
reference(s)

No directionality of interaction
150
Sensitive to volume conduction
The size of the instantaneous phase difference is included,
however, there is no evidence that the size of the phase
difference is important for the coupling strength
Not possible to make a distinction between direct and
indirect relations

Adequately deals with Sensitive to volume conduction
complexity caused by Not possible to make a distinction between direct and
indirect relations
interacting systems
Sensitive to nonlinear
relations

Mutual information is
sensitive in narrowfrequency band
analysis

Less sensitive to
volume conduction

Directionality of
information flow
Insensitive to volume
conduction

Advantage(s)

*Coherency between two time signals is the lineair relation at a specific
frequency, an imaginary-valued measure containing information about
the magnitude and phase between the signals. Coherence is the absolute
value of coherency, containing only information about the magnitude

Phase locking
value

Synchronization Describes the normalized strength
likelihood
of the mutual information
between signal X with signal Y in
state space

Property measured

Connectivity
measure
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Table 2.1 (Continued). Overview of different connectivity measures used in EEG and MEG research, with their
advantages and disadvantages.

Reduced sensitivity to
noise (cf. PLI)
Improved
detection of phase
synchronization
changes (cf. PLI)

Directionality of
information flow
Less sensitive to
volume conduction
and common sources
(cf. PLI)

Weighted phase The contribution of the observed
lag index
phase leads and lags is weighted
by the magnitude of the imaginary
part of the coherency

Directed phase
lag index

The probability that the
instantaneous phase of signal X
was smaller than the phase of
signal Y (modulo π) over time

Less sensitive to
volume conduction,
common sources, and
montage

The asymmetry of the distribution
of phase differences between two
signals

Phase lag index

Directionality of
information flow
Weighs the
contribution of
different time series
Not affected
by mixture of
independent sources
(e.g., background
activity)

Estimates the direction of
information flow, based on the
slope of the phase difference of
the cross spectral density between
signal X and Y

Phase slope
index

151

154

Directionality can be ambiguous as leading with a small
differences is similar to lagging with a large phase
difference
Not possible to make a distinction between direct and
indirect relations

173

The size of the instantaneous phase difference is included, 172
however, there is no evidence that the size of the phase
difference is important for the coupling strength
Relative insensitive to phase differences around 0 and 180
degrees
Mixes information about consistency and magnitude of
phase differences, hampering interpretation
Not possible to make a distinction between direct and
indirect relations

The risk to miss linear but functionally meaningful
interactions
The instantaneous phase differences are binarized,
therefore, small phase differences may also be missed
under noisy conditions
Not possible to make a distinction between direct and
indirect relations

Not possible to make a distinction between direct and
indirect relations
Complicated computational method
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meaningful manner. Obviously, all these different connectivity measures have their
unique advantages and disadvantages. In Table 2.1 we provided an overview of the
currently most often used measures, including their main advantages and disadvantages.
In addition to computational differences between connectivity measures, it is important
to consider related methodological issues that could be encountered when choosing,
and interpreting the results of, a connectivity measure. This includes, for example, the
problem of field spread, volume conduction and specific reference montages, which
for many measures leads to an erroneously high estimate of connectivity between two
recording sites69,87,151. It is possible, however, to remove these biases prior to computing
connectivity measures41,152 or to estimate the influence of the bias on the connectivity
measure through simulations40. A more straightforward approach is to use phase-based
connectivity measures that are less sensitive to these spurious interactions. Typically,
these phase-based measures, such as the imaginary part of coherence153, phase-slope
index154 and phase lag index151 ignore the zero phase interaction that are the result of
volume conduction/field spread (at the expense of ignoring true zero phase interactions).
The phase lag index has the additional advantage that it does not depend directly on the
amplitude of the signal155.

FUNCTIONAL NETWORKS
Resting state EEG and MEG data can be used to construct connectivity matrices and,
consequently, functional networks by using network analysis6,156,157. In contrast to
connectivity measures, which only provide information on how pairs of different brain
regions are (functionally) connected, network analysis characterizes the organization
of networks158. Complex network analysis, a branch of graph theory, reduces the brain
into a collection of ‘nodes’ and ‘edges’ and allows quantitative characterization of these
networks. In EEG and MEG research, nodes correspond to the recording sites (electrodes
or sensors), or specific brain regions when using a source space analysis. Edges are
connections between nodes and represent (functional) connectivity values. Together,
nodes and edges form the basic elements of a network, and from these elements
various global and local network measures can be inferred, for an overview see159 and
section 'Global and local network metrics'. Providing an overview on the vast literature
on functional networks and its statistical challenges160 is beyond the scope of this paper;
rather, we discuss relevant issues that need to be considered when preparing and
analyzing a resting state EEG or MEG study.
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NETWORK CONSTRUCTION
Functional networks are based on the strength or consistency of functional interactions
between the network nodes. In a weighted network, the strength of this interaction is
taken into account, whereas in an unweighted network only the existence or absence
of an interaction is taken into account. Such a binary network is obtained by setting
a threshold for the functional connectivity, above which a functional connection is
considered to be present. A motivation to use a binary network could be to discard
spurious connections that are potentially influenced by, for example, noise6. Selecting
the value for the threshold is, however, arbitrary and may vary between individuals
and groups161. Although a weighted network overcomes the problem of this subjective
factor and provides a more realistic representation of functional networks, spurious
weak connections are also taken into account, potentially influencing network metrics.
Besides weighted or unweighted, a network can be directed or undirected. In order to
construct a directed network, one should use an effective connectivity measure to infer
information on the directionality of communication. Although this could potentially
provide useful additional information on network functioning, most studies use
undirected networks161.
NETWORK DENSITY
Network density refers to the number of connections in a network and is influenced
by the size of the network. When comparing networks between subjects, the number
of nodes should therefore be equal, as it will directly influence network density and
various network metrics161. A straightforward approach to correct for network density is
by using a binary network. This, however, will lead to a data reduction wherein valuable
information of the network is not taken into account161. Another way to reduce the effect
of network density on network metrics is by using weighted networks in combination
with normalization procedures that use network metrics based on surrogate data
for comparison158,159. Although these steps reduce the influence of network density
on the eventual network metrics, it is still difficult to make an unbiased comparison
between networks161,174. Furthermore, each of these steps can potentially influence the
computation of network metrics and should therefore be included in the methodological
section of the study.
MINIMUM SPANNING TREE
We have briefly mentioned several strategies to improve comparison between
networks. Some of these strategies involve specific methodological choices, such as
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epoch selection, artifact handling, specific frequency bands, and connectivity measures.
Other solutions include normalization procedures and the use of weighted networks161.
Despite these efforts, traditional network metrics will remain sensitive to the effect
of network density. A new approach to overcome the problem of network density in
network analytical studies involves computation of the minimum spanning tree (MST).
The MST is a unique acyclic subgraph that contains most of the strongest connections
of the original undirected, weighted graph, for review see174. As the communication in
the original graph follows the most efficient paths175, the MST can be considered the
backbone of the functional brain network176,177. During the process of constructing the
MST graph, connections that will lead to loops in the network will be excluded from
the eventual network. By doing so, the number of connections in an MST graph will
always correspond to the number of nodes minus one. As a result, MST networks with
the same number of nodes will automatically have the same number of connections,
thereby facilitating the comparison of networks. Moreover, normalization procedures
with surrogate networks are not necessary anymore. A possible disadvantage of the MST
approach is that it may miss information about the network topology that is contained in
the weaker connections of the network. An increasing number of studies have evaluated
the practical utility of the MST approach for network analysis in resting state EEG51,178–181
and MEG29,182,183 recordings.

GLOBAL AND LOCAL NETWORK METRICS
Several metrics exist to characterize the organization of networks159. The two most
commonly used network metrics are the average path length, a measure of global
integration of the network, and the average clustering coefficient that defines local
segregation of a network. Both average path length and average clustering coefficient
are considered to be global network metrics as they provide global information of the
network and are commonly used to describe the network topology. An optimal network
organization is characterized by a short average shortest path length and a high average
clustering coefficient, also called a ‘small-world’ configuration184. Although these global
network metrics are appealing to use, as they have been widely used in network
analytical studies, they fail to explain the diversity found at node level6,158.
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To explain this diversity at node level, local network metrics are used. Network metrics
like degree, betweenness centrality, and eigenvector centrality are used to specify the
level of importance of a specific node in a network159. Nodes with many connections and
a central position within the network are considered ‘hubs’. Removal of a hub-node will
have a considerable impact on the network6,158. Often, a network is built out of smaller
subnetworks, also called ‘modules’. These modules are formed by groups of nodes that
are highly connected to each other185, but much less so to other nodes in the network.
Provincial hubs are the most highly connected nodes within a module. Connector hubs
are the important nodes connecting one module with other modules in the network186.
Each local network metric captures specific information about the network topology,
making it appropriate for certain analysis, depending on the specific research question.
For example, the eigenvector centrality gives a more accurate estimation of the centrality
of a specific node in the network than degree187, and has lower computational costs than
betweenness centrality188, it is less sensitive for the detection of hubs in modules189 and
has specific normalization problems190.
When making choices for specific network metrics, it is recommendable to take into
account the chosen connectivity measure. Connectivity measures that depend on linear
correlations or the level of synchronization are more susceptible to volume conduction
(Table 2.1). As a result, particularly the interaction between two nearby network nodes
will be overestimated191, which might result in an overestimation of (local) clustering.
Another important issue to consider when choosing network metrics, is the influence of
network density161. Although it is possible to reduce the effect of network density, the
MST approach offers an elegant manner to control for differences in network density.
Like in conventional networks, MST metrics are inferred from MST graphs. For example,
MST diameter and leaf number are global metrics that provide information on network
integration and segregation, similarly to average path length and average clustering
coefficient. Furthermore, various other local MST metrics can be computed174,181,182.
Finally, it is important to realize that some network metrics are highly correlated26,192,
which means that some combinations of network metrics are redundant. It is difficult
to recommend specific network metrics, as this will eventually depend on the specific
research question.
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CONCLUSIONS AND SUGGESTIONS FOR FUTURE
RESEARCH
We have summarized several problems and challenges by reviewing current practice
in resting state functional connectivity EEG and MEG research. First, performing a
resting state recording might not be as straightforward as it seems; behavior during,
and perception of, a stimulus independent condition may vary greatly between subjects
despite similar instructions45. In our overview, we differentiated subject-related from
measurement-related methodological issues. For future research we suggest to explicitly
mention the instructions given to the subject and to control for factors that might
influence the state of vigilance of subjects. Second, we mentioned technical issues
that are important to consider when collecting data from resting state EEG and MEG
recordings (Figure 2.2 for summary). Since the current literature is too diverse to provide
a uniform methodological guideline, we suggest including different methodological
approaches in resting state studies to better understand the influence of these
approaches on study results. Some recommendations are, however, useful irrespective
of the chosen approach193. We summarized these recommendations in Table 2.2.
Since resting state EEG and MEG recordings are increasingly used for a network analytical
approach6,158, we briefly introduced some relevant topics. It is recommendable to decide
on the connectivity measure and network metrics simultaneously as they are mutually
dependent. We provided suggestions to overcome some limitations that are inherent to
conventional network analysis161 and offered a new approach to overcome the influence
of network density on network metrics: the minimum spanning tree174.
Finally, methodological studies are needed to systematically investigate the influence of
various choices that researchers have to make when conducting a functional connectivity
resting state experiment. Particularly the process of selecting data and artifact handling
needs a more evidence-based approach. Regarding the choice of an appropriate
connectivity measure, more information on the advantages and disadvantage is
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available134,147–149. Increasing evidence exist that some connectivity measures are more
vulnerable to volume conduction (see Table 2.1), leading to unreliable connectivity values,
and consequently, unreliable network estimations. Future studies should use this
knowledge to make appropriate decisions. We await methodological studies wherein
different methodological issues are investigated systematically. This would be invaluable
to the field of functional connectivity and network studies.

Sample
frequency

Step 1:
Data selection
Epoch
length

State of
vigilance

Reference
montage

Data
selection

- re-referencing
- down sampling
- quality assessment

Number of
epochs

Frequency
bands

2

Signal vs. source space

Step 2:
Connectivity measures

Step 3:
Constructing networks

Stability assessment

Connectivity
measures

Functional
networks

Figure 2.2. Schematic illustration how various methodological choices will influence resting state data and,
consequently, the construction of functional networks.
Note that choice of connectivity measures is highly depended on methodological choices. Furthermore, several
methodological options exist during step 3. These options are discussed in section 'Functional networks'.
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Table 2.2. General recommendations for methodology of functional connectivity resting state EEG and MEG research.

Subject-related methodological issues
Heterogeneity of resting state condition
- Use a priori defined instructions throughout a study to reduce the external induced heterogeneity
- Eliminate or control for possible confounders such as time of the day, intake of caffeine or medication,
task or physical performance prior to recording and state of vigilance
Measurement-related methodological issues
Choice of reference
- Conventional reference montages will influence EEG measures, both a reference-free and (robust)
common average reference are reasonable choices
- Various reference montages will influence the estimated strength and directionality of information flow
and thereby the outcome of functional and effective connectivity
Epoch selection
- Select the first artifact free epochs after the start of the resting state recording to minimize any
potential selection bias
- Re-inspect selected epochs by an independent researcher to avoid any selection or systematic bias
- Include extra epochs to perform a leave-one-out analysis to investigate stability of connectivity and
network measures
- Length and sample frequency of epochs should be equal and appropriate for the connectivity measure
that is used
Filtering and artifact handling
- Select epochs without eye-movement or muscle artifacts. If not possible, use an automatic artifact
reduction approach and describe these procedures or exclude affected channels (but maintain an equal
number of channels per subject)
- Use zero-phase filtering to eliminate the phase shift of digital filters on the signal
Frequency bands
- Differentiate neurophysiological signals in separate frequency bands when an effect is expected in
specific bands. Broadband analysis could be used when testing an undirected hypothesis
- Avoid gamma band when impossible to control for myogenic influences
- Perform a spectral power analysis along with your connectivity analysis
Connectivity measures
Volume conduction
- Avoid connectivity measures that are susceptible for volume conduction
- Compute connectivity values per epoch and consequently an average value per subject to increase the
stability of connectivity values
Functional networks
Network construction
- Use weighted networks to avoid subjectivity in unweighted network analysis or approaches not
influenced by network density (e.g., minimum spanning tree)
- Use directed networks in combination with effective connectivity measures when information is needed
on the directionality within the network
Network density
- When using traditional network metrics use a combination of weighted networks and normalization
procedures with surrogate data to correct for the influence of density or use the minimum spanning tree
approach
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ABSTRACT
OBJECTIVE: To gain insight in the underlying mechanism of reduced levels of
consciousness due to hypoactive delirium versus recovery from anesthesia, we studied
functional connectivity and network topology using electroencephalography (EEG).
METHODS: EEG recordings were performed in age and sex-matched patients with
hypoactive delirium (n=18), patients recovering from anesthesia (n=20), and nondelirious control patients (n=20), all after cardiac surgery. Functional and directed
connectivity were studied with phase lag index and directed phase transfer entropy.
Network topology was characterized using the minimum spanning tree (MST). A random
forest classifier was calculated based on all measures to obtain discriminative ability
between the three groups.
RESULTS: Non-delirious control subjects showed a back-to-front information flow,
which was lost during hypoactive delirium (p=0.01) and recovery from anesthesia
(p<0.01). The recovery from anesthesia group had a more integrated network in the delta
band compared to non-delirious controls. In contrast, hypoactive delirium showed a
less integrated network in the alpha band. High accuracy for discrimination between
hypoactive delirious patients and controls (86%) and recovery from anesthesia and
controls (85%) were found. Accuracy for discrimination between hypoactive delirium
and recovery from anesthesia was 73%.
CONCLUSION: Loss of functional and directed connectivity were observed in both
hypoactive delirium and recovery from anesthesia, which might be related to the
reduced level of consciousness in both states. These states could be distinguished
in topology, which was a less integrated network during hypoactive delirium.
SIGNIFICANCE: Functional and directed connectivity are similarly disturbed during a
reduced level of consciousness due to hypoactive delirium and sedatives, however
topology was differently affected.
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INTRODUCTION
Although disturbed consciousness is common in intensive care unit (ICU) patients1–3,
understanding of different mechanisms leading to reduced levels of consciousness is
limited. Consciousness is a complex state of wakefulness and awareness. (Disturbance
of) consciousness has been studied with various techniques, and there is compelling
evidence that thalamocoritcal interactions and reduced (cortical) activity are signatures
of reduced consciousness4,5. Disturbance of consciousness may therefore be the result
of disruption of interactions between brain areas6. Several methods can be used to
characterize these interactions: the (undirected) functional connectivity strength reflects
the statistical interdependence of activity of remote brain areas. Directed connectivity
could provide additional insight in patterns of the direction of information flow. Finally,
the global organization of functional brain networks could be characterized using graph
theory.
Two important causes for disturbed consciousness in the ICU are the use of sedatives
and hypoactive delirium, which is an acute disturbance of awareness, attention, and
cognition that fluctuates within hours due to acute brain dysfunction7. Whereas the
clinical expression of hypoactive delirium and sedation is similar8, the underlying cause
of the disturbance of consciousness is different. Therefore, connectivity patterns
might be different as well. Reduced functional connectivity9,10 was found during both
delirium and recovery from anesthesia in the alpha frequency band. The disturbance of
directed connectivity band seemed similar between delirium and loss of consciousness,
although in different frequency bands, being the delta and alpha frequency band,
respectively. Moreover, during recovery of consciousness the directed connectivity in
the alpha frequency band showed an intermediate state between feedforward and
feedback patterns10. This recovery of consciousness period is more similar to the level of
consciousness in hypoactive delirious patients. However, connectivity alterations during
delirium and recovery from anesthesia have not been compared directly. Delirium was
studied in patients with advanced age after cardiac surgery9, while propofol-induced
loss of consciousness was studied in healthy young subjects10. Moreover, recent insights
in methodology of EEG connectivity analysis suggest that the interpretation of these
previous studies may be problematic. The directed phase lag index (dPLI) was used to
characterize directed connectivity in these studies, which measures the consistency
of the phase difference of two EEG time series. This phase difference is dependent on
the EEG reference and cannot be interpreted unequivocally in terms of the direction
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of information flow11. The phase transfer entropy (PTE), an information theory-based
measure of directed connectivity, has been introduced to solve these problems11–13.
Both delirium and sedatives also appear to cause changes in functional brain network
organization of alpha band (8-13Hz) oscillations9,10,14. A more random network topology
was found during these states of reduced level of consciousness, which might reflect
an inability to properly integrate information15. However, the interpretation of these
findings is problematic due to methodological issues16, and altered network topology
may merely reflect a general decrease in connectivity strength17. The minimum spanning
tree (MST) has been developed as an unbiased method to characterize network topology
across conditions and groups. The MST can be seen as the backbone structure of the
network, containing only the strongest connections without forming loops. Based on the
MST, network measures can be calculated, which can be interpreted along the lines of
conventional graph measures, while characteristics remain unaffected by differences in
connectivity strength (Figure 3.1)18.
The aim of this study was to compare functional and directional connectivity as well
as network topology between the episodes of hypoactive delirium and recovery from
anesthesia, and non-delirious controls. Based on previous research we hypothesized that

Minimum spanning tree

path-like tree

hierarchical tree

star-like tree

Figure 3.1. Schematic presentation of the MST.
MST structures can range between a path-like tree (i.e., less integrated network) to a star-like tree (i.e., more integrated
network). A path-like tree has two leaf nodes (red), all other nodes are connected to their neighbors, which has the
disadvantage of being inefficient. A path-like tree has a low leaf number and a high diameter. The other end of the
spectrum is a star-like tree, which has one central node (blue) and all other nodes are leaf nodes. It thus has a high leaf
number and a small diameter. Information can spread easily across the network, but the central node in the star-like
tree might suffer from overloading of information. A hierarchical tree is a hypothesized optimal topology, combining a
relatively low diameter (which indicates high efficiency) while the relatively low maximum number of connections per
node or maximum degree prevents overload of central hub regions. This figure was made based on Figure 2 in van Dellen
et al. (2014)19.
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functional connectivity is reduced during reduced levels of consciousness, due to both
hypoactive delirium and recovery from anesthesia9,10. However, we expected that the
direction of information flow and the underlying brain network topology are different
depending on the underlying cause of reduced levels of consciousness.

METHODS
STUDY POPULATION AND PROCEDURES
The study population consisted of three groups of cardiac surgery patients. Two groups
were described before9. From this study, we included all patients with hypoactive
delirium and age- and sex matched non-delirious control patients. In summary, patients
were preoperatively included after obtaining informed consent for participation. During
the first five consecutive days after cardiac surgery, patients were screened for delirium
and examined by a geriatrician, neurologist or psychiatrist who made the classification
delirious or non-delirious according to the Diagnostic and Statistical Manual of Mental
Disorders DSM-IV-R criteria20. The Richmond agitation-sedation scale (RASS)21 was used
to determine the type of delirium, with negative RASS scores indicating hypoactive
delirium. This study was approved by the local ethics committee (protocol number 11073).
A third group of patients was included to study recovery from anesthesia, and EEG
registrations were made at the ICU directly after cardiac surgery. These patients were
age- and sex matched with the hypoactive delirious and non-delirious control patients
on group level. Exclusion criteria for the recovery from anesthesia group were cerebral
damage prior to surgery based on chart review, postoperative signs of delirium,
hallucinations without delirium, transient ischemic attack, stroke, or any other type of
perioperative cerebral damage. The local medical research ethics committee waived the
need for informed consent for EEG recordings in the recovery from anesthesia group
(protocol number 13-011), although written approval was obtained preoperatively.
There was a time delay of approximately two years between the recording of the
recovery from anesthesia group and the hypoactive delirium and non-delirious control
groups, however, since patient population and inclusion, recording setup, and (pre-)
processing steps were similar, we do not expect that this time delay will affect the
results.
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Anesthesia protocols in all patients were as follows: no premedication was used,
and anesthesia was initiated using 0.1 mg/kg midazolam and 1 μg/kg sufentanil.
Pancuronium 0.1 mg/kg was used to facilitate orotracheal intubation. Inhalation
anesthesia with sevoflurane or isoflurane was applied together with 0.5 μg/kg/h
sufentanil i.v. for maintenance.

CLINICAL ASSESSMENT AND DATA COLLECTION
During EEG recordings, the RASS score was evaluated to obtain the level of consciousness.
For the patients in the recovery from anesthesia group, the recording was completed
after the patient reached the level of RASS -2 (eye contact in response to voice for less
than ten seconds) or RASS -1 (eye contact in response to voice for more than ten seconds
without being fully alert), and maintained this level of consciousness for 10 minutes.
The two following days, researchers performed a chart review, used the confusion
assessment method for ICU patients (CAM-ICU)1, and asked patients for the presence
of hallucinations. Age, sex, type of cardiac surgery, acute physiology and chronic health
evaluation (APACHE) IV score, duration of surgery and bypass-time were collected for all
included patients.
EEG RECORDINGS, SELECTION AND PREPROCESSING
Twenty-one electrodes were applied immediately after ICU admission, according to the
10-20 system (Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1, O2,
A1, A2) for the EEG registration. The registration was performed with a Micromed EEG
system (Trevisio, Italy), using a sample frequency of 512 Hz and analogue filter settings of
0.15 Hz high pass and 70 Hz low pass filter.
Epoch selection was performed using Micromed. Time series of electrodes A1, A2, Fp1
and Fp2 were excluded because of eye movement and muscle artifacts. The first four
artifact-free epochs of eight seconds with eyes closed22 were selected within three
minutes after a RASS score of -2 or -1 was obtained in the recovery from anesthesia
group. In the hypoactive delirium and non-delirious control groups, the first four artifactfree epochs during the eyes closed condition were selected9,22.

SPECTRAL DENSITY
Power spectral density analysis was performed in MATLAB R2014b (The MathWorks Inc.,
Natick, MA, 2000) to obtain an impression of the EEG data based on standard frequency
analysis. All epochs were high pass (0.5 Hz) and low pass (50 Hz) filtered by a second
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order Butterworth filter. The power spectral densities per epoch and per electrode were
obtained by the Welch method, using a window length of 4 seconds with 50% overlap.
After normalization, by the sum of power between 0.5 and 20 Hz, all power spectral
densities were averaged and plotted for the three groups.

FUNCTIONAL CONNECTIVITY
Data was re-referenced towards a source reference, as approximation of the Laplacian23,
and filtered in the four frequency bands, delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz),
and beta (13-20 Hz) for functional and directed connectivity analyses. Frequencies above
20 Hz were excluded to avoid artifacts due to muscle contractions24.
The phase lag index (PLI) was used to calculate the functional connectivity strength25. The
PLI is based on the Hilbert transformed instantaneous phase differences (Δφ), capturing
the asymmetry in phase leading and lagging between two signals:

The sign[Δφ(t)] is 1 for all positive phase differences and -1 for all negative phase
differences, which was averaged over an epoch. PLI values range between 0 and 1; 1
indicates complete phase-locking and values reaching 0 mean no phase synchronization
or equal in leading and lagging over the epoch. An average over all PLI values between all
channel pairs was calculated and compared between the three groups.

DIRECTED CONNECTIVITY
The direction of information flow was estimated with the phase transfer entropy (PTE)11–13.
Transfer entropy is a measure of the direction of causal influence between two signals.
A causal relation between signal X and signal Y is assumed, when the prediction of the
future of signal X is improved by adding not only the information of the past of signal
X, but also the past of signal Y. The phase transfer entropy estimates the strength of
causality between two signals based on the instantaneous phase differences, calculated
with the Hilbert transform. This measure is relatively robust to noise and linear mixing
and is independent of the selected reference11,13.
To normalize the PTE, the directed PTE (dPTE) is calculated, since there is no meaningful
upper bound of the PTE:
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The dPTE ranges between 0 and 1. dPTExy values above 0.5 and below 0.5 indicate an
information flow preferentially from X to Y and from Y to X, respectively. There is no
preferential information flow when the dPTE value is 0.5.
An anterior-posterior (AP) ratio was calculated to evaluate the presence of a consistent
direction of information flow, which has been reported in previous work9,10,26,27. The
anterior dPTE values (channels F7, F3, Fz, F4 and F8) were averaged and divided by the
averaged posterior dPTE values (channels T5, P3, Pz, P4, T6, O1 and O2).

MST ANALYSIS
To evaluate the organization of the functional networks of the three groups, MST
networks were calculated for all frequency bands, based on all connectivity matrices
for each epoch using Kruskal’s algorithm28. The PLI values of the connectivity matrix were
ranked starting with the highest PLI value, which was included as the first MST connection.
Then the second highest PLI value was added as an MST connection, and so on. If adding
a connection would result in a loop or triangle, this connection was discarded and the
following PLI value was evaluated. This procedure was continued until all nodes (i.e., EEG
channels) were connected. In this study 17 EEG channels were included for analyses,
resulting in a MST network containing 17 nodes with 16 edges for each epoch. The
connectivity strength within the MST was calculated by averaging PLI values of included
connections in the MST.
Using MATLAB a MST-reference was calculated for each frequency band to test whether
the MSTs between the three groups were different29,30. To obtain this reference MST, the
functional connectivity matrices of the controls subjects were averaged. Based on the
averaged PLI matrix, the MST-reference was calculated. The number of overlapping
MST edges in each epoch with the MST-reference was counted for all subjects and for
all four frequency bands. MST overlap was defined as the number of overlapping edges
divided by the total number of edges, ranging between 0 (i.e., no overlapping edges) and
1 (i.e., exactly similar MST) and averaged over four epochs for each patient. Moreover,
the functional connectivity within the MST was calculated for all four frequency bands,
including only the PLI values of the included edges within the MST. When there was a
significant difference between the three groups in MST overlap, MST network measures
were calculated and averaged over 4 epochs per patient in that frequency band
(Table 3.1). Connectivity and network analyses were performed in BrainWave (Version
0.9.152.2.7 freely available on http://home.kpn.nl/stam7883/brainwave.html).
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STATISTICAL ANALYSIS
Patients’ characteristics were compared between the three groups. Continuous
parameters were tested for normality using the Shapiro-Wilk test. Normally distributed
variables were presented as mean and standard deviation (SD) and compared between
the three groups using a one-way ANOVA test. Post-hoc tests between groups were
performed in case of overall statistically significant findings (i.e., p<0.05), using
independent samples t-tests. Data that did not follow a Gaussian distribution were
presented as median (Interquartile range (IQR); 1st quartile-3rd quartile) and compared
using Kruskal Wallis test, while Mann-Whitney U tests were used for post-hoc analyses.
Categorical data were compared using the chi-square test or Fisher’s exact test, where
appropriate.

3

Table 3.1. Minimum spanning tree measures.

MST measures

Definition – node (local measures)

Definition - MST (global measures)

Degree

The number of edges for each node
divided by the maximum number of
edges possible (m = n-1).

The highest degree within the MST is
given.

Leaf fraction (Lf)

-

A leaf node (L) is a node with only
one edge. The leaf fraction is the ratio
between the number of leaf nodes
divided by the total number of nodes

Diameter (D)

-

The diameter is the longest distance
between any two nodes in the MST
network.

Betweenness
centrality (BC)

The number of paths between all other
nodes in the MST crossing the node of
interest, divided by the total number of
paths in the MST. The central node in a
star-like network has a high BC (BC=1),
the BC of a leaf node is 0.

The BC of the MST corresponds to the
highest BC value in the MST and is
therefore called maximum betweenness
centrality (BCmax).

Eccentricity (Ecc)

The maximum distance (i.e., number of
edges) between a node and any other
node in the MST. The Ecc will be low
in a central node (i.e., all other nodes
are ‘nearby’) and will be higher more
peripheral node.

The Ecc of the MST represents a range,
which is calculated by subtracting the
Ecc of the most peripheral node from
Ecc of the most central node.

Tree hierarchy (Th)

-

The Th is given by Th = Lf/(2mBCmax )
and defines the hierarchy of the MST
organization, the optimal topology. It
considers the leaf fraction Lf, the BCmax
and the maximum diameter m of the
tree (m = n-1). For a path-like MST, Th
decreases towards 0. In a star-like MST,
Th = 0.5. MST structures between path
and star-like can reach Th values up to 1.
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PLI, AP-ratios, MST overlap and MST measures were compared between the three
groups in the four frequency bands using the Kruskal-Wallis test. Level of significance
was adjusted using the Bonferroni correction for the four frequency bands, to correct
for multiple testing, p-values <0.0125 were assumed to indicate statistical significance
(uncorrected p-values are reported throughout the manuscript). Post-hoc Mann-Whitney
U tests were performed for the frequency bands showing significant differences for PLI
and AP-ratios. When the MST overlap in a frequency band was significantly different
between the groups, subsequent tests were performed to explore possible differences
in other MST measures. These tests were considered exploratory post-hoc tests, and
therefore no correction for multiple testing was performed. Statistical analyses were
performed with SPSS, version 21 (SPSS Inc., Chicago, IL).
Finally, we used a random forest classifier31 to study the included EEG network characteristics
(i.e., the 36 calculated measures, see Table S3.7 in supplementary material) in relation to
group assignment (non-delirious controls vs. hypoactive delirium, non-delirious controls
vs. recovery from anesthesia, and hypoactive delirium vs. recovery from anesthesia)32.
Random forest is a machine learning method for classification, using multiple decision
trees created by bootstrap samples of the data (see Dauwan et al. 2016 for full
description of random forest algorithm33). The number of trees included in the random
forest classifier was set to 500. Moreover, the number of variables calculated at each split
of each individual tree was set to 6 (i.e., the square root of 36 variables). However, the
set parameters are not highly influencing the classification outcome34. The discriminative
ability of the resulting classifier based on all features was evaluated based on accuracy
(i.e., ratio between correctly classified subjects and total number of subjects), sensitivity,
and specificity. Moreover, variable importance (VIMP), a value between 0 and 1, was
calculated for each included feature.

RESULTS
CHARACTERISTICS OF THE STUDY POPULATION
We included 18 hypoactive delirious patients and 20 non-delirious patients from our
previous study9. Further, we included 34 patients in the recovery from anesthesia
group. From this group, patients were excluded because of signs of delirium (n=6),
hallucinations (n=2), or stroke (n=2) on the two consecutive days after the EEG recording.
In four other patients it was not feasible to select artifact free epochs. This resulted in
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20 patients recovering from anesthesia who were age and sex matched on group level
to the hypoactive delirious patients and non-delirious control patients (Table 3.2). The
APACHE IV score, the duration of surgery, and bypass time were significantly higher in
the delirium group than in the other two groups.
All non-delirious control patients had a RASS score of 0 during the EEG recording.
Patients in the recovery from anesthesia group did not deviate in RASS score compared
to the hypoactive delirious group (p=0.19). The course of regaining consciousness in
patients recovering from anesthesia was highly variable. The average time between ICU
admission and the moment of the selected epochs was 163 minutes (SD=50), with a
range of 85-268 minutes (depending on the time needed to regain consciousness, which
was highly variable between patients).

3

Table 3.2. Patient characteristics.

Hypoactive
delirium (n=18)
76 ± 5

Recovery from
anesthesia (n=20)
74 ± 7

p-value‡

Age (years)

Non-delirious
controls (n=20)
76 ± 7

Gender (M/F)

11/9

7/11

10/10

0.58

Duration of
Surgery (min.)
Bypass (min.)

173 (129-208)
88 (77-132)

217 (179-314)
129 (101-180)

174 (141-239)
88 (66-141)

0.03
0.03

Type of surgery (n)
CABG
Valve
CABG + Valve
Other

3 (15%)
8 (40%)
5 (25%)
4 (20%)

2 (11%)
5 (28%)
9 (50%)
2 (11%)

6 (30%)
11 (55%)
3 (15%)
-

RASS during EEG
0
-1
-2

20 (100%)
-

11 (61%)
7 (39%)

7 (35%)
13 (65%)

APACHE IV score

41 ± 8

55 ± 15

43 ± 7

<0.01

# days between
surgery & EEG

3 (2-4)

3 (2-4)

-

0.68

# minutes between
ICU admission &
epoch selection

-

-

163 ± 50

-

0.50

0.06

0.19*

Data is presented as mean ± standard deviation (SD), median (interquartile range), or numbers (%). APACHE = acute
physiology and chronic health evaluation, CABG = coronary artery bypass grafting, M/F = male/female, n = number.
‡
The p-values represent the comparison between the three groups.*Fisher’s Exact test is performed between hypoactive
delirium and recovery from anesthesia.
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SPECTRAL DENSITY
Figure 3.2 shows the mean spectral power density over all 17 EEG channels of the three
groups. Both hypoactive delirium and recovery from anesthesia were associated with
slowing of background activity as compared to the non-delirious controls. The relative
delta power was higher and alpha power was lower in hypoactive delirium and recovery
from anesthesia compared to non-delirious controls (Table S3.1). Post-hoc comparison
showed a lower alpha power in the hypoactive delirious patients (median, 0.07; IQR, 0.040.11) compared to recovery from anesthesia (median, 0.10; IQR, 0.07-0.15, p=0.019).
FUNCTIONAL CONNECTIVITY
The average PLI was significantly lower in hypoactive delirium (median, 0.122; IQR,
0.116-0.130, p<0.01) and during recovery from anesthesia (median, 0.125; IQR, 0.1160.130, p<0.01) compared to the non-delirious controls (median, 0.136; IQR, 0.122-0.161)
(Table 3.3). PLI values in hypoactive delirium did not significantly differ from PLI values
during recovery from anesthesia (p=0.98). After correction for multiple testing there
were no significant differences between the three groups in the other frequency bands.

Figure 3.2. Normalized power spectral density of non-delirious controls, hypoactive delirium, and recovering from
anesthesia after cardiac surgery.
Thicker line represents the mean power spectrum for all three groups, the filled area represents the standard error of the
mean.
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Table 3.3. Phase lag index in the four frequency bands.

Non-delirious
controls (n=20)
0.152
(0.143-0.160)

Hypoactive
delirium (n=18)
0.157
(0.142-0.172)

Recovery from
anesthesia (n=20)
0.167
(0.159-0.184)

p-value

Theta

0.144
(0.136-0.160)

0.148
(0.137-0.159)

0.143
(0.132-0.160)

0.87

Alpha

0.136
(0.122-0.161)

0.122
(0.116-0.130)

0.125
(0.116-0.130)

<0.01*

Beta

0.098
(0.094-0.104)

0.095
(0.091-0.103)

0.098
(0.095-0.100)

0.71

Delta

0.03

3

P-values <0.0125 were assumed significant based on the Bonferroni correction for the four frequency bands. *Significant
difference between the three groups. Post-hoc Mann Whitney U test showed a significant reduction of alpha PLI in delirium
and recovery from anesthesia compared to non-delirious controls (p<0.01 and p<0.01 respectively).

DIRECTED CONNECTIVITY
In the alpha frequency band, both the hypoactive delirium group and the recovery from
anesthesia group showed a loss of posterior-anterior directionality, compared to the
observed posterior-anterior connectivity in the non-delirious control patients (Figure 3.3
and 3.4). Post-hoc analyses revealed a significantly higher AP-ratio in delirium patients
(median, 1.00; IQR, 0.98-1.00, p=0.01) and recovery from anesthesia patients (median,
1.00; IQR, 0.99-1.01, p<0.01) compared to non-delirious controls (median, 0.98; IQR,
0.96-0.99), indicating a loss of back-to-front pattern. There was no significant difference
in AP-ratio between hypoactive delirium and recovery from anesthesia patients (p=0.07).
MST ANALYSIS
Functional connectivity within the MST was significantly reduced in the alpha frequency
band in hypoactive delirium (p=0.002) and recovery from anesthesia (p=0.003) compared
to the non-delirious control group (Table 3.4). The overlap of the MSTs with the
MST-reference was compared between the three groups to study overall differences
in network topology. Overall, significant differences of this overlap were observed in
the delta, alpha and beta frequency bands (Table 3.4). Post-hoc comparisons showed
significantly lower overlap in patients recovering from anesthesia compared to nondelirious controls in the delta (p=0.004), alpha (p=0.013), and beta bands (p=0.006).
Secondly, lower overlap was found in the hypoactive delirium group compared to nondelirious controls in the delta (p=0.003), alpha (p<0.001), and beta bands (p=0.028).
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Thirdly, lower overlap was observed in patients with hypoactive delirium compared to
the recovery from anesthesia group in de alpha frequency band only (p=0.012). See for
the visualization of the averaged MST topology Figure S3.3.
Based on these findings, we first compared MST measures between the groups in the
frequency bands in which differences were observed (Figure 3.5 and Table S3.2). Patients
recovering from anesthesia had, compared to non-delirious controls, an increased delta
band degree (p=0.033) and leaf fraction (p=0.028) and decreased diameter (p=0.033)
and eccentricity (p=0.010). This indicates a more star-like topology and therefore more
integrated network organization during recovery from anesthesia. No differences in MST
measures were observed in the alpha and beta bands between these groups (Figure 3.5).
Secondly, a comparison of MST measures between hypoactive delirium patients and
non-delirious controls showed a decrease in degree (p=0.003), leaf fraction (p=0.033)
and maximum betweenness centrality (p=0.016) in the alpha band during hypoactive
delirium, which indicates a shift towards a more path-like topology and a less integrated
network organization. No group differences were found in MST measures in the delta
and beta bands (Figure 3.5).
Non-delirious
controls

Hypoactive
delirium

Recovery from
anesthesia

Delta

Theta

dPTE
0.510
0.505
0.500
0.495

Alpha

Beta

Figure 3.3. Mean directed phase transfer entropy results for all electrodes.
dPTE values above 0.5 indicate and information flow from that electrodes, whereas dPTE values below 0.5 indicate
information flow towards that electrode. A1, A2, Fp1, Fp2 were excluded for analysis.
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Table 3.4. Functional connectivity strength within MST and Overlap with the reference MST.

PLI within
MST

Overlap
with MSTreference

Frequency
band
Delta
Theta
Alpha
Beta

Non-delirious
controls (n=20)
0.344 (0.335-0.369)
0.334 (0.317-0.369)
0.320 (0.291-0.358)
0.228 (0.221-0.245)

Hypoactive delirium
(n=18)
0.358 (0.331-0.372)
0.333 (0.315-0.363)
0.287 (0.278-0.297)
0.236 (0.216-0.243)

Recovery from
anesthesia (n=20)
0.373 (0.357-0.401)
0.321 (0.305-0.356)
0.286 (0.269-0.295)
0.231 (0.225-0.236)

P-value‡
0.079
0.505
0.002a,b
0.748

Delta
Theta
Alpha
Beta

0.156 (0.141-0.184)
0.188 (0.109-0.230)
0.188 (0.156-0.219)
0.156 (0.141-0.184)

0.117 (0.094-0.145)
0.125 (0.109-0.156)
0.125 (0.078-0.141)
0.141 (0.109-0.156)

0.125 (0.094-0.141)
0.141 (0.109-0.172)
0.156 (0.125-0.188)
0.125 (0.109-0.152)

0.003a,b
0.078
<0.001a,b,c
0.012a,b

MST = minimum spanning tree, PLI = phase lag index. ‡ The p-values represent the comparison between the three groups,
a
significant difference between recovery from anesthesia and controls, b significant difference between hypoactive
delirium and controls, c significant difference between hypoactive delirium and recovery from anesthesia.

Theta

Delta
1.06
1.025

Anterior-posterior ratio

Anterior-posterior ratio

1.04

1.02

1.00

0.98

1.00

0.975

0.950

0.925

0.96
Hypoactive delirium

Non-delirous
controls

Recovery from
anesthesia

Non-delirous
controls

Alpha
1.05

Recovery from
anesthesia

Beta

**
1.02

1.00

Anterior-posterior ratio

Anterior-posterior ratio

*

Hypoactive delirium

0.95

0.90

0.85

1.00

0.98

0.96
Non-delirous
controls

Hypoactive delirium

Recovery from
anesthesia

Non-delirous
controls

Hypoactive delirium

Recovery from
anesthesia

Figure 3.4. Anterior-posterior ratios based on directed phase transfer entropy in the four frequency bands.
Striped line indicates an anterior-posterior (AP) ratio of 1, indicating no preferential directionality. AP-ratios >1 indicate
higher dPTE values in the anterior regions compared to posterior regions and therefore an information flow from anterior
towards posterior. AP-ratios <1 suggest a posterior leading of information flow. *p<0.05, **p<0.01.
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Thirdly, we compared hypoactive delirium with recovery from anesthesia with regard
to functional network topology in the alpha band. Maximum betweenness centrality
was significantly lower in hypoactive delirium compared to recovery from anesthesia
(p=0.007). Other MST measures did not differ between the three groups. To correct for
any difference in level of consciousness, we performed an additional analysis between
the hypoactive delirium and recovery from anesthesia groups with adjustment for the
RASS score. In the adjusted analysis, the differences in maximum betweenness centrality
remained significant, while differences in degree, leaf fraction, diameter and eccentricity
reached statistical significance (see supplementary material additional analysis –
correction for RASS score).
Finally, within the recovery from anesthesia group, we compared connectivity measures
during unconsciousness (RASS -5 or -4) and regaining consciousness (RASS -2 or -1),
aiming to study the effects of the level of consciousness on our outcome measures
(PLI, dPTE and MST measures). Data were available in 13 patients. We found higher a
higher PLI in the theta band during regaining consciousness (median, 0.142; IQR, 0.1340.155) compared to unconsciousness (median 0.131; IQR, 0.121-0.136, p=0.046). No
differences were found in the directed connectivity. In the delta band, a more integrated
network was found during regaining consciousness compared to unconsciousness based
on the leaf fraction (p=0.011), diameter (p=0.003), and eccentricity (0.004). In the alpha
band, the tree hierarchy was lower during regaining consciousness compared to the
state of unconsciousness (p=0.023) (see supplementary material additional analysis –
unconsciousness vs. regaining consciousness).

RANDOM FOREST – CONTRIBUTION IN CLASSIFICATION
The results of random forest analysis are shown in supplementary material (additional
analysis – random forest classification). Discrimination between hypoactive delirium and
controls based on all included features resulted in an accuracy of 86%, sensitivity and
specificity were 77% and 95%, respectively. Relative delta, alpha, and beta power were
found to have the highest VIMP values.
The classifier for discrimination between recovery from anesthesia and controls had an
accuracy, sensitivity, and specificity of 85%. The relative delta power was most essential,
based on highest VIMP values.
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A. MST measures-Delta
Non-delirious controls
Hypoactive delirium

0.8

Recovery from anesthesia

*

0.6

*

*

0.4

*
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0.2

Degree Leaf fraction Diameter

BCmax

Ecc

Hierarchy

B. MST measures-Alpha
*

0.8

*

Non-delirious controls
Hypoactive delirium
Recovery from anesthesia

*

0.6

0.4

*

0.2

Degree Leaf fraction Diameter

BCmax

Ecc

Hierarchy

C. MST measures-Beta
Non-delirious controls
Hypoactive delirium

0.8

Recovery from anesthesia

0.6

0.4

0.2
Degree Leaf fraction Diameter

BCmax

Ecc

Hierarchy

Figure 3.5. MST measures in non-delirious
controls, hypoactive delirium and recovery
from anesthesia patients in the delta (A),
alpha (B) and beta (C) frequency bands.
In the delta frequency band (A) significant
differences were found between recovery
from anesthesia and non-delirious controls
in degree, leaf fraction, diameter, and
eccentricity, indicating a more star-like
topology in recovery from anesthesia
(Figure 3.1). In the alpha frequency band
(B) hypoactive delirium had lower degree,
leaf fraction and maximum betweenness
centrality compared to non-delirious
controls, indicating a more path-like
topology. The maximum betweenness
centrality in the alpha frequency band (B)
was significantly lower in the hypoactive
delirium group compared to recovery from
anesthesia. No differences were found
in the beta band (C). The circles with
corresponding colors indicate outliers of
the boxplot. BCmax = maximum betweenness
centrality, Ecc = eccentricity. *With
horizontal line denotes significant difference
between groups.
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Finally, the classifier for distinction between hypoactive delirium and recovery from
anesthesia showed an accuracy of 73%, sensitivity of 78% and specificity of 68% using
all features. Features with highest VIMP values were i) maximum betweenness centrality
in the alpha frequency band and ii) relative theta power, and iii) eccentricity in the alpha
frequency band. As previously shown maximum betweenness centrality was significantly
lower in hypoactive delirium compared to recovery from anesthesia. Additionally,
evaluation of betweenness centrality in the alpha frequency band as single classifier
had an accuracy of 71%.

DISCUSSION
This study shows a similar disturbance of functional and directed connectivity during
hypoactive delirium and recovery from anesthesia compared to non-delirious controls,
while network organization appeared to differ between the three groups. We found
a reduction of functional connectivity and a disturbance of the back-to-front directed
connectivity pattern in the alpha frequency band during both hypoactive delirium
and recovery from anesthesia. Minimum spanning tree analysis showed a more starlike organization in the delta frequency band in patients recovering from anesthesia
compared to non-delirious control subjects, which is assumed to be more efficient (i.e.,
faster) and enables integration of information from a graph theoretical perspective. In
contrast, patients with hypoactive delirium showed a shift towards a more path-like MST
in the alpha band compared to non-delirious controls and recovery from anesthesia,
which indicates a less integrated network (i.e., less efficient information exchange)
and loss of functional hubs. Patients with hypoactive delirium therefore had a distinct
deviation of their network topology compared to recovering from anesthesia, despite
a similar clinical expression including a similar level of consciousness.
Consciousness and disturbed consciousness are broadly studied phenomena. Previous
work has considered consciousness to be the ability of processing information35.
Interactions between brain areas, especially the thalamocortical coupling and
frontal-parietal networks are thought to be crucial for consciousness information
processing4,35,36. Focusing on loss of consciousness after sedation, the thalamus was
suggested to work as a conscious switch, since anesthetics are related with reduced
thalamic blood flow at loss of consciousness37. In the current study, using scalp EEG,
we were not able to assess the thalamocortical interactions. However, our finding of
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reduced functional connectivity and reduced information processing are in line with the
previous findings by Lee et al.10
Reduced functional connectivity was previously reported both in delirium9 and in loss of
consciousness by propofol10,38,39. It has been suggested that a delirious episode results
in cognitive deficits due to this reduction of functional interactions between brain
regions9 and that administration of anesthetics results in cognitive unbinding40. Reduced
functional connectivity was also found during a minimally conscious state, a vegetative
state/unresponsive state41, and in dementia30,42,43. Therefore, the reduced alpha band
functional connectivity that we observed in both delirium and in recovery from anesthesia
may be a sensitive but non-specific correlate of altered cognitive status.
Directionality of connectivity has been investigated before, both during delirium and loss
of consciousness due to propofol9,10. However, these previous studies used the dPLI. The
dPLI is a reliable measure to characterize a systematic phase difference and is sensitive
to affected brain networks, but it is not possible to interpret results unambiguously as
directed causal influences. Moreover, the dPLI depends on the EEG reference. The dPTE
overcomes these problems and is therefore considered a more appropriate measure
for the direction of causal influence11. In the current study, the dPTE scalp plots of
hypoactive delirium and recovery from anesthesia showed loss of the parietal-tofrontal orientation in the alpha frequency band, which was clearly pronounced in the
non-delirious control patients. This loss of directionality was similar to previous studies
evaluating delirium9 and propofol10, however dPLI showed a frontal-to-parietal pattern
in the non-delirious and conscious state.
Neuroimaging studies in patients with a disturbance of consciousness, other than induced
by anesthesia or delirium, showed a reduced activity in the default mode network44. The
frontoparietal network is assumed to be essential for consciousness45–47. Disturbance of
consciousness may therefore result from reduced information transfer between areas
in the default mode network and the frontoparietal network14,48. Our findings suggest
that this information transfer is normally directed from parieto-occipital areas to frontal
areas, while this direction is lost during hypoactive delirium and recovery from anesthesia
compared to non-delirious controls. However, it remains to be investigated whether other
disorders of consciousness are also associated with dPTE changes.
During recovery from anesthesia we found a more integrated brain network topology
compared to non-delirious control patients, which is assumed to be more efficient and
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facilitates integration of information. As patients recovering from anesthesia had
reduced level of consciousness, we did not expect to find a more integrated network.
A speculative explanation is that the brain network topology is optimized to regain
consciousness during recovery from anesthesia. In an additional comparison in the
recovery from anesthesia patients, we found also a more integrated network in the delta
band during regaining of consciousness (RASS -2/-1) compared to unconsciousness (RASS
-5/-4). Interestingly, this more integrated network topology in recovery of consciousness
compared to unconsciousness was found in the delta frequency band. Increased delta
band oscillatory brain activity is associated with reduced level of consciousness and
found in slow-wave phase of sleep, sedation9,49, and during delirium50,51. Our findings
suggest that during recovery from anesthesia, the functional network topology in the
delta frequency band is optimized towards a more star-like (i.e., more integrated) and
therefore more efficient network.
Hypoactive delirium is characterized by reduced level of consciousness with additional
cognitive problems, in particular inattention. In this study, hypoactive delirious patients
showed a decrease in degree, leaf fraction, and maximum betweenness centrality in the
alpha band compared to non-delirious controls (i.e., a more path-like network), which
indicates a less integrated and less efficient organization of the functional network. In
an EEG study with dementia with Lewy bodies patients, a similar shift towards a pathlike MST structure was found in the alpha frequency band30. Dementia with Lewy bodies
is characterized by dementia with additional fluctuations of cognition and recurrent
delirium52,53. Dementia with Lewy bodies and delirium share key-symptoms and thus seem
to have a similar disturbance of the functional brain networks. Interestingly, in patients
with Alzheimer’s disease, MST measures also indicated a less efficient network because
of a reduced leaf fraction54, which is similar to the results in delirium in this study. The
common feature in dementia with Lewy bodies, Alzheimer’s disease, and delirium is the
presence of cognitive deficits, and therefore a shift of MST topology towards a less
efficient network might underlie cognitive problems in these three groups. Moreover,
delirium is associated with long-term cognitive decline and dementia predisposes to
delirium55,56. Functional connectivity and network analysis may provide further insight in
the relation between an episode of delirium and long-term cognitive decline.
This is the first study in which a direct comparison could be made between the functional
network characteristics of hypoactive delirium and recovery from anesthesia. The
maximum betweenness centrality in the alpha frequency band was significantly higher
during recovery from anesthesia compared to hypoactive delirium. This finding was
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supported by the additional analysis in which adjustments were made for RASS scores,
showing stronger differences in MST topology between hypoactive delirium and recovery
from anesthesia. Therefore, differences in network topology seem to be related to
the cause of reduced level of consciousness and not to the level of consciousness. We
performed our study using EEG recordings obtained in clinical setting, which is especially
time consuming and complicated in delirious patients. We were therefore unable to
measure the complete trajectory of recovery from anesthesia and hypoactive delirium
towards total recovery, which is an interesting topic of future research.
The discriminative accuracy of the EEG features was high, with high importance values
for relative delta, alpha, and beta power to distinguish between hypoactive delirium and
controls. Where these results were based on relative powers over all EEG channels, a
previous approach showed that it is possible to detect delirium based on a bipolar
derivation using relative delta power51, which is more feasible in clinical practice compared
to full EEG in all patients at risk for delirium. However, distinction between hypoactive
delirious patients and patients who are sedated is mainly based on betweenness centrality
in the alpha frequency band. Therefore, functional network measures contribute to
the distinction between hypoactive delirium and recovery from anesthesia. The results
of random classifier algorithm give an indication of which parameters are important,
however, the accuracy levels should be interpreted with caution for other populations,
because of the relative small sample size. Moreover, the randomization procedure, which
is part of the classification algorithm, may lead to slightly different results in a replication
experiment.
Recovery from anesthesia was used as a model for light sedation, which cannot be
distinguished clinically from hypoactive delirium8. Light sedation in ICU patients is difficult
to study in isolation, as these patients could have concomitant delirium as well. However,
during recovery from anesthesia after cardiac surgery, other factors may affect the
level of consciousness including inflammation, cerebral edema, and micro-emboli57. To
increase our understanding of underlying network changes, we compared non-delirious
patients recovering from anesthesia with non-sedated patients with hypoactive delirium.
Our findings suggest that these conditions can be distinguished with EEG, but we
acknowledge that it is not practical to use full EEG in all patients in a daily clinical setting51.
The interaction between altered network topology across different frequency bands in
hypoactive delirium and recovery from anesthesia remains unclear. In future research,
a multilayer network approach, analyzing the different frequency bands as layers, might
reveal a complete overview of the global brain networks including all frequency bands58.
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A strength of this study compared to previous EEG network studies in delirium and
reduced levels of consciousness is the use of reliable measures, such as the dPTE to
evaluate directed connectivity and the MST to explore the topology of the functional
networks. The MST excludes spurious influences of connectivity strength, which might be
a problem in conventional network measures, and provides a unique sub-network with
the most important connections of the connectivity matrix without arbitrary choices16,18.
Another strength is the direct comparison of delirium with recovery from anesthesia
within the same homogeneous population (i.e., elderly patients after cardiac surgery).
Moreover, the clinical assessment of the delirious patients was performed by experts,
and classification of the level of consciousness was based on the RASS score, a frequently
used, validated assessment tool21. A limitation is that the sample size of our study
population was relatively small, partly because of the difficulty to record artifact free
data in patients who have difficulty in following instructions. Our results should therefore
be validated in a different, preferably larger population. Additionally, the recordings
were performed with a limited number of electrodes; high density EEG might enable
more specific and local network change. Finally, the EEG systems were slightly different
between the recovery from anesthesia group and the delirious and non-delirious control
group, i.e., an online vs. an off-line Micromed EEG system, although the hardware
settings were similar. These differences in recording system might have a subtle influence
on the EEG signals. However, it is unlikely that our observations rely on these minor
differences in recording system, and the recording software was the same.

CONCLUSION
In conclusion, a similar loss of functional connectivity and disturbance of the back-tofront pattern of information flow was found in hypoactive delirium and recovery from
anesthesia compared to non-delirious controls, which might be related to the reduced
state of consciousness. However, the organization of the functional brain networks was
different, with hypoactive delirious patients having a less integrated network with a less
central role for hubs. During recovery from anesthesia a more integrated organization of
the network was found. A more integrated network might reflect the process of rapidly
regaining consciousness during recovery from anesthesia, while a loss of efficiency may
reflect the inability to do so during hypoactive delirium.
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0.29 (0.24-0.38)

0.29 (0.20-0.43)

0.22 (0.15-0.37)

0.08 (0.06-0.14)

Delta

Theta

Alpha

Beta

0.02 (0.02-0.05)

0.07 (0.04-0.11)

0.24 (0.19-0.34)

0.68 (0.54-0.74)

Hypoactive
delirium (n=18)

0.04 (0.03-0.06)

0.10 (0.07-0.15)

0.24 (0.18-0.29)

0.59 (0.53-0.72)

<0.001

<0.001

0.087

<0.001

Recovery from
P-value
anesthesia (n=20) (overall)

<0.001

<0.001

-

<0.001

0.072

0.019

-

0.346

Hypoactive
delirium vs.
Recovery from
anesthesia

<0.001

<0.001

-

<0.001

Recovery from
anesthesia vs.
non-delirious
controls

Post-hoc comparison p -values
Hypoactive
delirium vs.
non-delirious
controls

Post-hoc analyses were performed when overall significant difference was found between the three groups.

Non-delirious
controls (n=20)

Relative
power

Relative powers
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Table S3.1. Relative powers of the three groups.

0.323 (0.301-0.356)
0.545 (0.516-0.574)
0.469 (0.438-0.500)
0.726 (0.682-0.754)
0.217 (0.203-0.235)
0.377 (0.363-0.393)

0.285 (0.266-0.297)
0.501 (0.469-0.532)
0.510 (0.485-0.543)
0.699 (0.690-0.708)
0.241 (0.219-0.250)
0.360 (0.343-0.382)

Alpha
Degree
Leaf fraction
Diameter
BCmax
Ecc
Th

Beta
Degree
Leaf fraction
Diameter
BCmax
Ecc
Th
0.282 (0.266-0.297)
0.485 (0.450-0.531)
0.522 (0.485-0.563)
0.695 (0.668-0.723)
0.245 (0.219-0.266)
0.351 (0.330-0.370)

0.288 (0.266-0.313)
0.513 (0.485-0.547)
0.497 (0.454-0.516)
0.697 (0.666-0.736)
0.234 (0.215-0.250)
0.370 (0.350-0.398)

0.305 (0.278-0.344)
0.535 (0.504-0.579)
0.481 (0.449-0.493)
0.714 (0.693-0.735)
0.226 (0.203-0.235)
0.376 (0.355-0.408)

0.279 (0.250-0.297)
0.511 (0.488-0.532)
0.512 (0.485-0.547)
0.689 (0.657-0.713)
0.240 (0.219-0.262)
0.372 (0.360-0.389)

0.307 (0.282-0.325)
0.534 (0.493-0.563)
0.467 (0.442-0.496)
0.730 (0.708-0.761)
0.219 (0.207-0.235)
0.368 (0.346-0.394)

0.331 (0.285-0.344)
0.558 (0.532-0.594)
0.457 (0.438-0.469)
0.730 (0.700-0.754)
0.210 (0.192-0.219)
0.385 (0.366-0.402)

Recovery from
anesthesia (n=20)

0.806
0.251
0.331
0.806
0.426
0.478

0.003*
0.033*
0.105
0.016*
0.082
0.478

0.784
0.443
0.409
0.290
0.534
0.443

p-value
non-delirious
controls vs.
delirium

0.201
0.429
0.820
0.221
0.989
0.121

0.086
0.602
0.779
0.820
0.925
0.383

0.033*
0.028*
0.033*
0.102
0.010*
0.149

p-value
non-delirious
controls vs.
recovery from
anesthesia

-

0.093
0.099
0.126
0.007*
0.067
0.965

-

p-value
hypoactive
delirium vs.
recovery from
anesthesia

Post-hoc comparisons of MST measures were only performed when the MST overlap was significantly different between the three groups. Only in the alpha
frequency band a significant difference of MST overlap was found in the hypoactive delirium and recovery from anesthesia patients. BCmax = betweenness
centrality, Ecc = eccentricity, Th = tree hierarchy, *p<0.05.

0.299 (0.270-0.329)
0.522 (0.500-0.563)
0.486 (0.446-0.516)
0.707 (0.680-0.725)
0.227 (0.219-0.246)
0.371 (0.356-0.388)

Non-delirious controls Hypoactive delirium
(n=20)
(n=18)

Delta
Degree
Leaf fraction
Diameter
BCmax
Ecc
Th

MST measure

Functional connectivity and network analysis during hypoactive delirium and recovery from anesthesia
Table S3.2. Post-hoc comparison of MST measures in non-delirious controls, hypoactive delirium and recovery from
anesthesia.
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ADDITIONAL ANALYSIS – CORRECTION FOR RASS SCORE
The averaged RASS score of the hypoactive delirium group (mean, -1.4; SD, 0.5) was
slightly higher compared to the recovery from anesthesia group (mean, -1.7; SD, 0.5),
although not significantly different (p=0.19). To study MST network measures in the
alpha frequency band independent of the level of consciousness, we performed a
general linear model analysis with the RASS score as covariate.
In Table S3.3 the estimated mean of MST measures corrected for the RASS score are
presented. Maximum betweenness centrality was significantly higher in recovery from
anesthesia compared to hypoactive delirium in the crude analysis. In the adjusted
analysis, this difference remained significant. Moreover, degree and leaf fraction
were significantly higher and diameter and eccentricity were significantly lower in
recovery from anesthesia compared to hypoactive delirium, after adjustment for level
of consciousness. This indicates a deviant shift towards a path-like MST structure for
hypoactive delirium and a star-like structure during recovery from anesthesia.
Table S3.3. Estimated mean MST measures (95% confidence interval) in the alpha frequency band; RASS included as
covariate.

MST measures
Degree

Hypoactive delirium
(n=18)
0.284 (0.271-0.298)

Recovery from anesthesia
(n=20)
0.309 (0.297-0.322)

P-value
(unadjusted)
0.009

Leaf fraction

0.508 (0.491-0.525)

0.539 (0.523-0.555)

0.012

Diameter

0.502 (0.483-0.520)

0.463 (0.446-0.480)

0.004

BCmax

0.694 (0.678-0.711)

0.732 (0.716-0.748)

0.002

Ecc

0.237 (0.227-0.247)

0.217 (0.207-0.226)

0.007

Th

0.368 (0.354-0.381)

0.371 (0.358-0.383)

0.749

BCmax = maximum betweenness centrality, Ecc = eccentricity, Th = tree hierarchy

ADDITIONAL ANALYSIS – UNCONSCIOUSNESS VS. REGAINING
CONSCIOUSNESS
In the main analysis reduced consciousness due to recovery from anesthesia and
hypoactive delirium were compared. The effect of level of consciousness was previously
studied by Lee et al. (2013), using the directed phase lag index (dPLI) as measure for
directed connectivity10. The directed phase transfer entropy (dPTE) was shown to be a

80

Functional connectivity and network analysis during hypoactive delirium and recovery from anesthesia

more reliable measure for directed connectivity11. Therefore, we repeated this study in a
subset of our recovery from anesthesia group using the PLI, dPTE and minimum spanning
tree.
In the recovery from anesthesia group the EEG electrodes were directly applied when
possible after ICU admission, to be able to start recording before the patient was fully
alert (RASS=0). The recording was continued until the patient maintained the level of
RASS -2/-1 for 10 minutes. In the main analysis, the selected EEG epochs were during a
reduced state of consciousness with RASS scores of -2 or -1. A broad range of variation
between patients was found in this process of regaining consciousness. In 13 patients
we were able to select 4 epochs of 8 seconds during a period of unconsciousness (RASS
-4 or -5) and compared these with the period of regaining consciousness (RASS -2 or -1)
using the same measures as the main study.
In Table S3.4 the PLI results are presented. The uncorrected p-values showed a significant
higher PLI in the theta frequency band during regaining of consciousness compared to
unconsciousness (p=0.046). Lee et al. found a reduction of the PLI during the process of
regaining consciousness in the alpha frequency band, in this subanalysis no significant
differences in the alpha band PLI were found10. The directed connectivity (dPTE) did not
show a significant difference between unconsciousness and regaining consciousness,
see Figure S3.1 and Table S3.5. Based on the dPLI Lee et al. found a flip of the directed
connectivity (i.e., feedforward instead of feedbackward) during loss of consciousness,
which was significantly restored during recovery of consciousness10. Based on our dPTE
results, we were not able to reproduce this difference between the levels of reduced
consciousness. However, in the main analysis, we did find the loss of directionality in the
recovery from anesthesia group (i.e., RASS -1/-2) compared to the non-delirious control
subjects.
Table S3.4. Phase lag index (PLI) in the four frequency bands (median (interquartile range)) between unconsciousness
(RASS -4 or -5) and regaining consciousness (RASS -2 or -1).

PLI

Unconsciousness

Regaining consciousness

p-value

Delta

0.165 (0.153-0.177)

0.163 (0.152-0.182)

0.917

Theta

0.131 (0.121-0.136)

0.142 (0.134-0.155)

0.046

Alpha

0.129 (0.122-0.151)

0.126 (0.116-0.133)

0.087

Beta

0.097 (0.092-0.102)

0.098 (0.086-0.100)

0.552

RASS = Richmond agitation-sedation scale
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Table S3.5. Anterior-posterior (AP) ratios based on the directed phase transfer entropy in the four frequency bands
during unconsciousness (RASS -4 or -5) and regaining consciousness (RASS -2 or -1).

AP-ratio

Unconsciousness

Regaining consciousness

p-value

Delta

0.998 ± 0.008

0.996 ± 0.017

0.668

Theta

0.997 ± 0.007

0.992 ± 0.008

0.113

Alpha

1.009 ± 0.019

1.004 ± 0.016

0.211

Beta

1.000 ± 0.007

1.000 ± 0.007

0.246

AP-ratios >1 indicate an information flow from anterior to posterior, AP-ratio <1 indicate a posterior-anterior information
flow. Data are presented as mean ± standard deviation.

Unconsciousness

Regaining
consciousness

Delta

dPTE
Theta

0.510
0.51
0.505
0.505
0.500
0.5

Alpha

0.495
0.495

Beta

Figure S3.1. Mean directed phase transfer entropy results during unconsciousness (RASS -4 or -5) and regaining
consciousness (RASS -2 or -1).
dPTE values above 0.5 indicate and information flow from that electrodes, whereas dPTE values below 0.5 indicate
information flow towards that electrode. A1, A2, Fp1, Fp2 were excluded for analysis.
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The MST measures were compared for the delta, alpha and beta frequency band,
because in the main analysis a difference in topology was found in these frequency
bands between recovery from anesthesia and non-delirious control subjects using the
MST overlap with MST-reference. In the delta frequency band, an increase in leaf fraction
(p=0.011) and decrease in diameter (p=0.003) and eccentricity (p=0.004) was found in
the process of regaining consciousness (Table S3.6). This indicates that the functional
organization of the brain is more efficient when patients are regaining consciousness
compared to the unconscious state in the same patients. In the alpha frequency
band the tree hierarchy measure was found to be significantly lower in patients
regaining consciousness compared to unconscious state. It may be counterintuitive
that the unconscious brain has a more efficient organization than the brain regaining
consciousness. However, this possible difference in MST topology is not confirmed by
other MST parameters in the alpha band. Moreover, the presented results were obtained
in a small group of 13 subjects, no correction for multiple testing was applied and all
other MST parameters in the alpha band were not different. Therefore, these results
should be interpreted with caution.

3

Table S3.6. MST measures during unconsciousness and regaining consciousness.

MST measure

Unconsciousness

Regaining consciousness

p-value

Delta
Degree
Leaf fraction
Diameter
BCmax
Ecc
Th

0.313 (0.282-0.352)
0.532 (0.500-0.547)
0.485 (0.469-0.516)
0.696 (0.681-0.753)
0.234 (0.219-0.250)
0.367 (0.349-0.400)

0.329 (0.301-0.275)
0.579 (0.555-0.602)
0.453 (0.422-0.454)
0.746 (0.687-0.753)
0.203 (0.188-0.219)
0.390 (0.378-0.423)

0.055
0.011*
0.003*
0.345
0.004*
0.055

Alpha
Degree
Leaf fraction
Diameter
BCmax
Ecc
Th

0.313 (0.281-0.383)
0.579 (0.532-0.594)
0.438 (0.422-0.492)
0.702 (0.689-0.763)
0.219 (0.188-0.234)
0.394 (0.368-0.416)

0.313 (0.297-0.336)
0.547 (0.500-0.563)
0.485 (0.430-0.493)
0.727 (0.707-0.765)
0.219 (0.203-0.234)
0.358 (0.343-0.388)

0.959
0.050
0.277
0.279
0.545
0.023*

Beta
Degree
Leaf fraction
Diameter
BCmax
Ecc
Th

0.282 (0.251-0.271)
0.500 (0.469-0.516)
0.516 (0.500-0.532)
0.696 (0.671-0.708)
0.250 (0.219-0.250)
0.362 (0.342-0.376)

0.282 (0.250-0.297)
0.501 (0.492-0.532)
0.532 (0.485-0.555)
0.675 (0.658-0.712)
0.250 (0.234-0.266)
0.369 (0.358-0.384)

0.964
0.278
0.327
0.600
0.207
0.196

BCmax = maximum betweenness centrality, Ecc = eccentricity, Th = tree hierarchy, *p<0.05
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In conclusion, the differences in level of consciousness can be captured in the MST delta
band measures, with the regaining of consciousness showing a more integrated network
compared to unconsciousness.

ADDITIONAL ANALYSIS – RANDOM FOREST CLASSIFICATION
Random forest classification was performed in three datasets: 1) hypoactive delirium
versus controls, 2) recovery from anesthesia versus controls, and 3) hypoactive delirium
versus recovery from anesthesia. The variables are listed in Table S3.7. Variable importance
results are presented in Figure S3.2.
Table S3.7. Features included in random forest classifier analysis.

Number

Feature name

Number

Feature name

1

Relative delta power

19

MST – Degree theta

2

Relative theta power

20

MST – Leaf fraction theta

3

Relative alpha power

21

MST – Diameter theta

4

Relative beta power

22

MST – BCmax theta

5

PLI delta

23

MST – Ecc theta

6

PLI theta

24

MST – Tree hierarchy theta

7

PLI alpha

25

MST – Degree alpha

8

PLI beta

26

MST – Leaf fraction alpha

9

PTE ratio delta

27

MST – Diameter alpha

10

PTE ratio theta

28

MST – BCmax alpha

11

PTE ratio alpha

29

MST – Ecc alpha

12

PTE ratio beta

30

MST – Tree hierarchy alpha

13

MST – Degree delta

31

MST – Degree beta

14

MST – Leaf fraction delta

32

MST – Leaf fraction beta

15

MST – Diameter delta

33

MST – Diameter beta

16

MST – BCmax delta

34

MST – BCmax beta

17

MST – Ecc delta

35

MST – Ecc beta

18

MST – Tree hierarchy delta

36

MST – Tree hierarchy beta

BCmax = maximum betweenness centrality, Ecc = eccentricity, MST = minimum spanning tree, PLI = phase lag index.
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Figure S3.2. Variable importance (VIMP) results of random forest classifier for three datasets.
Feature numbers relate to Table S3.7.
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vs. controls
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Figure S3.3. Visualization plots of the averaged MST topology in the three groups.
The circle represents the head with the nose on top.
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ABSTRACT
BACKGROUND: Little is known about the neurophysiological effects of midazolam and
propofol despite widespread use. Sedative-induced unconsciousness alters functional
brain networks. However, these effects were found in young subjects, whereas the effects
of sedatives in older subjects might be different. Sedatives are frequently administered to
older individuals. However, elderly may have reduced reserves for these agents that affect
functional connectivity. The aim of this study was to assess the effects of midazolam and
propofol on a variety of EEG measures in older subjects.
METHODS: In patients (≥60 years without neuropsychiatric disease such as delirium)
scheduled for endoscopy two electroencephalography (EEG) recordings were performed,
before and after administration of either midazolam (n=22) or propofol (n=26). Power
spectrum, functional connectivity, directed connectivity, and network topology based
on the minimum spanning tree were compared within subjects (i.e., baseline versus
light sedation with either midazolam or propofol) and between subjects (i.e., midazolam
versus propofol).
RESULTS: Both midazolam and propofol altered power spectra and reduced functional
connectivity. The back-to-front pattern of information flow in the alpha band during the
awake state was lost during midazolam and propofol sedation, but network topology was
not affected. Propofol showed a larger reduction of functional connectivity and stronger
disruption of the directed connectivity compared to midazolam.
CONCLUSION: Midazolam and propofol had a distinct neurophysiological signature
for light sedation with regard to relative powers, functional connectivity, and directed
connectivity. These effects are more pronounced during sedation with propofol than
with midazolam. No clear effects were found on network topology.
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INTRODUCTION
Every day, midazolam and propofol are administered to numerous individuals for general
anesthesia, procedural sedation or to comfort patients in the intensive care unit (ICU).
Yet, little is known about the neurophysiological effects of both sedatives, particularly
in elderly individuals. In a healthy, awake resting state, electroencephalography (EEG)
shows an alpha rhythm (8-13 Hz) in posterior derivations when the eyes are closed.
Moreover, in a resting state, brain areas are functionally connected with a dominant
posterior to anterior flow of information1–4. Sedative agents alter these characteristics,
and these alterations coincide with the level of consciousness. These effects have mostly
been studied for propofol5,6, while literature on other sedatives, such as midazolam and
other benzodiazepines, is relatively scarce.
A previous study using EEG coherence suggested that light sedation with benzodiazepines
results in functional uncoupling of frontal brain regions7. However, coherence as
connectivity measure in EEG is difficult to interpret as it can be influenced by the signal
power and the effect of volume conduction8,9. Functional magnetic resonance imaging
(fMRI) studies on midazolam-induced light levels of sedation showed disruption of
networks related to higher order brain functions with preservation of lower-order
networks10, and reduced functional connectivity within the default mode network11.
Propofol-induced loss of consciousness showed similar effects: decreased corticocortical and thalamo-cortical connectivity6,12 was found using fMRI, and EEG studies
showed reduced functional connectivity, a less efficient brain network, and disruption
of the directed feedforward connectivity1,2,12.
It should be noted that previous studies on functional connectivity and light levels of
sedation were performed in younger subjects. In clinical practice however, particularly
older patients receive sedation, for example during endoscopy13,14. The functional brain
network changes with aging, in older subjects reduced functional connectivity and less
efficient network topology were found15. Therefore, as the functional brain network of
elderly is already affected, the effects of sedatives on functional connectivity may be
different in elderly individuals versus younger persons. This may be related to frailty
as defined by a decreased reserve and increased vulnerability to adverse outcomes16.
Moreover, the application of sedation can lead to subsequent delirium17,18 with
associated long-term cognitive impairment19,20. Therefore, the primary aim of this study
was to assess the individual effects of midazolam and propofol on the functional brain
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network in older subjects. Moreover, we aimed to compare the effects of midazolam
and propofol on EEG connectivity. We hypothesized that light levels of sedation in older
patients, due to midazolam and propofol, result in an altered power spectrum, reduced
functional connectivity, disturbed directed connectivity and altered network topology.

METHOD
STUDY POPULATION
This study was performed from December 2014 to December 2016 in patients scheduled
for a gastrointestinal endoscopic procedure in the University Medical Center Utrecht
(UMCU). The ethical committee of UMCU waived the need for approval (number 14466). Inclusion criteria were age above 60 years and planned endoscopy with light
sedation with either midazolam or propofol. Exclusion criteria were (previous) delirium,
previous stroke, epilepsy, and any psychiatric disease. Patients were included when they
gave written informed consent. Patients who received midazolam were age- and sexmatched on group level to patients who received propofol.
STUDY PROCEDURES AND DATA COLLECTION
The following patient and procedural characteristics were collected: age, sex, type and
duration of endoscopy, type of sedation, and type of analgesia. Selection of sedative type
was done by the gastroenterologist performing the endoscopy based on physical states
(i.e., ASA classification), invasiveness and risk of the procedure, the need of lying still by
the patient, and previous experience by the patient. One hour prior their endoscopic
procedure patients arrived at the endoscopy unit for the preparation of the set-up.
An EEG cap with 32 electrodes (Brain products GmbH, Munich, Germany) was placed
according to the 10-20 system. A reference electrode was located between Fz and Cz.
Electrode impedances were kept below 20 kOhm and sample frequency was 5000 Hz.
For the baseline EEG recording, patients were lying on their back and were instructed
to relax and keep their eyes closed for 5 minutes, while the researcher ensured that
the patient was not falling asleep. The patient was subsequently transported to the
endoscopy room where impedances were checked again, and the EEG cap was adjusted
when necessary. The sedation EEG recording was started and the level of consciousness
was assessed using the Richmond agitation-sedation scale (RASS) every 10 minutes21.
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EEG ANALYSIS
Data was down sampled using spline interpolation to 512 Hz with the Brain Vision
Analyzer software (version 2.0.4.368 Brain products GmbH, Munich, Germany) to enable
comparison with previous studies22. From all baseline recordings, four epochs of eight
seconds were selected, as this was previously shown to be sufficient for stable results22,23.
From each sedation recording (with either midazolam or propofol), four epochs of
eight seconds were selected within three minutes after the first determination of the
reduced level of consciousness having artifact-free EEG data. We assumed stable levels
of consciousness within these three minutes as the administration of sedatives was
unchanged in this timeframe. For all analyses, the following 17 electrodes were included:
F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, T5, P3, Pz, P4, T6, O1 and O2 to enable comparison
with previous literature9,24. A source reference was used for connectivity and topology
analysis, as approximation of the Laplacian25 eliminating the influence of active reference
in the analysis.
Spectral analysis
First data was filtered in forward and backward arrangement, excluding phase disturbances
by filtering, using a Butterworth filter with a high pass of 0.5 Hz and low pass of 50 Hz and
an order of 2. Subsequently, for each epoch the power spectral density was calculated
with the Welch method and normalized according to the power between 0.5 and 20 Hz.
Relative delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13 Hz), and beta (13-20 Hz) power were
calculated for each epoch and averaged over the four epochs. Frequencies above 20
Hz were excluded, as these represented particularly muscle activity due to the clinical
procedures26,27.
Functional connectivity
The phase lag index (PLI) was calculated to assess functional connectivity, a measure of
synchronization between electrode time series28:

For each sample (t) the instantaneous phase was obtained using the Hilbert
transformation, and the instantaneous phase difference between two times series (Δφ)
was calculated, ranging between –π and π. The sign-function is 1 for all positive phase
differences and -1 for al negative phase differences, which are averaged over the epoch.
Calculating the absolute value results in the PLI, a value ranging between 0 (no phase
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synchronization or zero lag phase synchronization) and 1 (complete, non-zero phaselocking over the epoch). The PLI was averaged over all combinations of electrodes.
Directed connectivity
Besides the functional connectivity, we also assessed the direction of the information
flow using the phase transfer entropy (PTE)29–31. Transfer entropy assesses the direction
of the causal influence between two signals. A causal influence is assumed when
prediction of the future of signal 1 can be improved by adding current information of
signal 2. The PTE estimates the extent of this directed causality, based on the phase
differences between the two signals. The advantages of the PTE are the robustness to
noise and the independence of the choice of reference30,31.
To ensure that the directed connectivity measures are comparable between subjects,
we normalized the PTE towards the directed PTE (dPTE) as follows:

After normalization, dPTE values range between 0 and 1, with 0.5 indicating no favored
directionality. Values above 0.5 indicate a preferred directionality from X to Y, values
below 0.5 indicate the opposite directionality, from Y to X.
To assess the global directionality, the anterior-posterior (AP) ratio was calculated by
dividing the average of the anterior dPTE values (channels F3, F4, F7, F8, and Fz) by the
average of the posterior dPTE values (channels P3, P4, Pz, T5, T6, O1, and O2). An APratio above 1 indicates a front-to-back information flow, whereas an AP-ratio below 1
means a back-to-front pattern.
Minimum spanning tree
The topology of the functional network was assessed using the minimum spanning
tree (MST). Based on the PLI connectivity matrix, the MST was obtained using Kruskal’s
algorithm, including the strongest connections without forming loops32. This resulted in
a network of 17 nodes (i.e., electrodes) and 16 connections (i.e., PLI values).
First, to assess overall differences in topology, an MST-reference was calculated. Based
on all baseline recordings, separately for the midazolam and the propofol group, an
averaged PLI matrix was calculated over all epochs. This averaged PLI matrix was used
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to create an MST-reference, an approximation of the averaged baseline topography. The
number of overlapping connections of the MST of each epoch with the MST-reference
was counted. The ratio of overlap (MST-overlap) was calculated by dividing the number
of overlapping connections by the total number of connections within the MST (i.e.,
16 connections). Subsequently the MST-overlap was averaged over the four epochs. To
overcome bias due to repeated measurements in the same individuals, we used as MSTreference for the midazolam group the averaged PLI matrix over all propofol baseline
recordings, and as MST-reference for the propofol group the averaged PLI matrix over
all midazolam baseline recordings. MST measures were calculated when a significant
difference in MST-overlap was found. Degree, diameter, and leaf fraction were calculated
to characterize global integration of information, betweenness centrality and eccentricity
quantified the centrality of nodes, and tree hierarchy gives a global measure of hierarchical
organization of the MST topology (see supplementary material Table S4.1 for the
included MST measures).
Functional connectivity, AP-ratio as directed connectivity measure, and MST-overlap were
calculated for each frequency band, and averaged over the four epochs. Connectivity
and network analysis were performed in Brainwave (Version 0.9.152.4.1 freely available
on http://home.kpn.nl/stam7883/brainwave.html) and MATLAB (Version 2015a, The
MathWorks, Inc.) using the connectivity toolbox33.

STATISTICAL ANALYSIS
Patient characteristics were tested for normality and presented as mean with standard
deviation (SD), median with interquartile range (IQR), or number (%) as appropriate.
Patient characteristics were compared between the midazolam and propofol groups,
using t-test, Mann-Whitney U test, or Chi-square test where appropriate. Statistical
significance was defined as p-value <0.05.
To study the difference in EEG characteristics between baseline and sedation with either
midazolam or propofol, Student's paired t-test was used in case of a normal distribution,
and the Wilcoxon signed rank test was used for a skewed distribution.
To address differences between the effect of midazolam and propofol, general linear
model analyses were performed, with the difference in the included measure (e.g., ΔPLI
in alpha frequency band by sedation PLI – baseline PLI) as dependent variable, type of
sedation (i.e., midazolam or propofol) as fixed factor, and with baseline of the included
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measure (e.g., baseline PLI in alpha frequency band) and level of consciousness during
sedation (i.e., RASS score) as covariates. As sensitivity analysis assessing the reliability
of the results, we re-evaluated the difference between the effect of midazolam and
propofol without correction for the RASS score.
As the aim of this study was to explore different effects of sedatives, and no prior
information was available, we chose not to correct for multiple comparisons to avoid
type II statistical errors. Statistical analyses were performed with SPSS, version 21 (SPSS
Inc., Chicago, IL).

RESULTS
STUDY POPULATION
In total, 85 patients signed informed consent, however 37 patients had to be excluded
because of the following reasons: no sedation during endoscopy (n=1), meningioma or
stroke in the medical history (n=2), no EEG recording possible due to logistic reasons
(n=4), no eyes closed segments (n=1), no EEG signal on one or more of the included
channels (n=6), or no artifact free epoch selection possible due to the noisy environment
of the experimental setup (n=23). In the remaining 48 patients, 22 received midazolam
sedation and 26 propofol sedation. In Table 4.1 the patient characteristics are described.
The type of analgesia was different between the midazolam and the propofol groups, in
accordance with the protocol at the endoscopy unit. Furthermore, the patients receiving
propofol reached a lower level of consciousness as assessed by RASS (p<0.001).
SPECTRAL ANALYSIS
Table 4.2 shows that midazolam sedation resulted in a significant increase in relative
delta and beta power, and a significant decrease of relative theta and alpha power
compared to the baseline recording. Propofol sedation increased the relative delta power
and decreased the relative theta and alpha power (Table 4.2). No significant effect on
beta power was observed during sedation with propofol. When we compared the effects
on relative powers between midazolam sedation and propofol sedation, no differences
were found (Table 4.3).
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FUNCTIONAL CONNECTIVITY
Sedation with midazolam resulted in a decrease of the PLI in the alpha frequency band
(median, 0.135; IQR, 0.115-0.187) compared to baseline recording (median, 0.168;
IQR, 0.136-0.214, p=0.033). In the other frequency bands, no differences were found
in PLI in recordings during midazolam sedation compared to baseline. Propofol sedation
resulted in a significantly increased PLI in the delta and beta frequency bands, and a
significantly decreased PLI in the theta and alpha frequency bands (Table 4.2). Compared
to midazolam sedation, sedation with propofol resulted in a larger decrease in PLI in the
alpha band PLI (p=0.037), see Table 4.3.
DIRECTED CONNECTIVITY
At baseline, before administration of midazolam or propofol, the AP-ratio in the alpha
frequency band was below 1, indicating a back-to-front information flow. Midazolam
sedation increased this AP-ratio and resulted therefore in loss of directionality. Sedation
with propofol resulted in an AP-ratio in the alpha frequency band above 1, indicating a
front-to-back pattern and therefore a flip of directionality (Table 4.2).
Table 4.1. Patient characteristics.

Midazolam (n=22)

Propofol (n=26)

Mean Age (SD)

72.7 (5.9)

71.5 (6.4)

P-value
(unadjusted)
0.481

Male sex (%)

13 (59.1%)

17 (65.4%)

0.768

Endoscopic procedure
Coloscopy
Gastroscopy

11 (50.0%)
11 (50.0%)

9 (34.6%)
17 (65.4%)

33.0 (23.8-41.3)

35.0 (25.0-77.5)

Analgesia
None
Alfentanil
Fentanyl
Remifentanil

5 (22.7%)
1 (4.5%)
16 (72.7%)
-

25 (96.2%)
1 (3.8%)

RASS
0
-1
-2
-3
-4

2 (9.1%)
5 (22.7%)
10 (45.5%)
4 (18.2%)
1 (4.5%)

4 (15.4%)
5 (19.2%)
17 (65.4%)

Planned duration of
endoscopic procedure
(min.)

0.239

0.189

<0.001*

<0.001*

RASS = Richmond agitation-sedation scale, SD = standard deviation. *Significantly different (p<0.05).
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Baseline

0.188 (0.107-0.264)
0.176 (0.130-0.213)
0.484 (0.312-0.575)
0.160 (0.118-0.226)

0.158 (0.147-0.170)
0.133 (0.117-0.142)
0.168 (0.136-0.214)
0.102 (0.093-0.106)

1.013 (0.999-1.018)
0.999 (0.989-1.006)
0.959 (0.937-0.978)
0.991 (0.986-1.004)

0.109 (0.094-0.148)
0.141 (0.106-0.160)
0.164 (0.125-0.207)
0.141 (0.102-0.188)
0.125 (0.090-0.141)
0.125 (0.106-0.156)
0.188 (0.125-0.234)
0.141 (0.106-0.188)

1.007 (0.997-1.020)
0.992 (0.983-1.011)
0.991 (0.977-0.999)
0.994 (0.989-1.003)

0.175 (0.157-0.182)
0.132 (0.121-0.146)
0.135 (0.115-0.187)
0.104 (0.098-0.110)

0.365 (0.274-0.429)
0.127 (0.106-0.156)
0.235 (0.194-0.324)
0.245 (0.164-0.289)

Sedation

0.888
0.393
0.485
0.952

0.833
0.808
0.002*
0.709

0.074
0.987
0.033*
0.445

<0.001*
0.036*
<0.001*
0.003*

p-value

0.109 (0.094-0.145)
0.125 (0.094-0.145)
0.141 (0.109-0.176)
0.156 (0.137-0.176)

1.010 (0.991-1.021)
0.998 (0.983-1.007)
0.967 (0.940-0.986)
0.994 (0.984-1.002)

0.160 (0.152-0.180)
0.136 (0.121-0.153)
0.160 (0.131-0.210)
0.099 (0.096-0.105)

0.205 (0.159-0.300)
0.206 (0.164-0.282)
0.330 (0.218-0.501)
0.157 (0.115-0.191)

Baseline

0.117 (0.078-0.141)
0.109 (0.094-0.145)
0.125 (0.094-0.176)
0.109 (0.094-0.156)

1.001 (0.986-1.008)
0.100 (0.997-1.013)
1.012 (0.992-1.016)
1.001 (0.995-1.006)

0.191 (0.173-0.211)
0.124 (0.119-0.136)
0.128 (0.118-0.138)
0.101 (0.093-0.109)

0.443 (0.296-0.640)
0.104 (0.079-0.128)
0.208 (0.140-0.292)
0.188 (0.107-0.251)

Sedation

Propofol (n=26)

0.392
0.972
0.184
0.012*

0.124
0.118
<0.001*
0.016*

0.003*
0.020*
0.001*
0.001*

<0.001*
<0.001*
<0.001*
0.501

p-value

Relative delta power, functional connectivity (phase lag index, PLI) directed connectivity (anterior-posterior (AP)-ratio based on directed phase transfer entropy)
and MST-overlap were presented as median (interquartile range). *Significantly different (p<0.05).

Delta
Theta
Alpha
Beta

Topology, MST-overlap

Delta
Theta
Alpha
Beta

Directed connectivity, AP-ratio

Delta
Theta
Alpha
Beta

Functional connectivity, PLI

Delta
Theta
Alpha
Beta

Relative power

Measure

Midazolam (n=22)
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Table 4.2. Electroencephalography effects of light sedation with midazolam or propofol.
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Moreover, propofol increased the AP-ratio in the beta frequency band (p=0.016, Table 4.2).
When midazolam and propofol sedation were directly compared, we found a difference
in the adjusted change in directed connectivity in the delta frequency band (p=0.006, see
Table 4.3). The dPTE pattern in the delta frequency band is shown in Figure 4.1 in more
detail at baseline and during sedation with midazolam or propofol. Whereas recordings at
baseline and during midazolam sedation did not have a preferred directed connectivity,
propofol sedation resulted in a more back-to-front pattern.

Table 4.3. Comparison of electroencephalography effects of midazolam versus propofol.

Measure

Effect of Midazolam
(n=22)

Effect of Propofol
(n=26)

F-test

p-value

0.262 (0.164 to 0.360)
-0.101 (-0.133 to 0.069)
0.173 (-0.219 to -0.128)
0.017 (-0.033 to 0.067)

F(1,40) = 3.045
F(1,40) = 0.671
F(1,40) = 0.607
F(1,40) = 0.609

0.089
0.418
0.441
0.440

0.023 (0.009 to 0.036)
-0.015 (-0.023 to -0.006)
-0.041 (-0.059 to -0.024)
-0.003 (-0.010 to 0.004)

F(1,40) = 1.626
F(1,40) = 1.278
F(1,40) = 4.656
F(1,40) = 0.425

0.210
0.265
0.037*
0.518

-0.017 (-0.029 to 0.005)
0.010 (-0.001 to 0.021)
0.035 (0.023 to 0.046)
0.008 (0.001 to 0.016)

F(1,40) = 8.315
F(1,40) = 0.504
F(1,40) = 2.457
F(1,40) = 0.043

0.006*
0.482
0.125
0.837

-0.011 (-0.032 to 0.011)
-0.012 (-0.033 to 0.010)
-0.010 (-0.044 to 0.024)
-0.006 (-0.034 to 0.023)

F(1,40) = 0.156
F(1,40) = 0.905
F(1,40) = 1.333
F(1,40) = 1.625

0.695
0.347
0.255
0.210

4

Δ Relative power
Delta
Theta
Alpha
Beta

0.138 (0.003 to 0.243)
-0.079 (-0.122 to -0.037)
-0.147 (-0.198 to -0.095)
0.045 (-0.008 to 0.098)

Δ Functional connectivity, Δ PLI
Delta
Theta
Alpha
Beta

0.010 (-0.003 to 0.024)
-0.006 (-0.019 to 0.006)
-0.015 (-0.032 to 0.003)
0.001 (-0.007 to 0.008)

Δ Directed connectivity, Δ AP-ratio
Delta
Theta
Alpha
Beta

0.008 (-0.005 to 0.021)
0.004 (-0.008 to 0.016)
0.022 (0.010 to 0.034)
0.007 (0.000 to 0.015)

Δ Topology, Δ MST-overlap
Delta
Theta
Alpha
Beta

-0.004 (-0.027 to 0.018)
0.003 (-0.020 to 0.026)
0.017 (-0.015 to 0.048)
-0.033 (-0.065 to 0.001)

Data are presented as estimated marginal means (95% confidence interval). Difference between effect of midazolam and
effect of propofol were evaluated with a linear regression model with sedative type as fixed factor and baseline measure
and RASS score as covariates. AP-ratio = anterior-posterior ratio, MST = minimum spanning tree, PLI = phase lag index.
*Significantly different (p<0.05).
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Figure 4.1. The directed connectivity patterns in the delta frequency band (0.5-4 Hz) based on the dPTE before and after
administration of midazolam (upper panels) or propofol (lower panels).
Whereas recordings at baseline and during midazolam sedation did not have a preferred directed connectivity, propofol
sedation resulted in a more back-to-front pattern.

Table 4.4. MST measures in the beta frequency band of the baseline and propofol-sedation recordings.

MST measures

Baseline (n=26)

Propofol sedation (n=26)

p-value

Degree
Leaf fraction
Diameter
BCmax
Eccentricity
Tree hierarcy

0.305 (0.282-0.332)
0.532 (0.500-0.563)
0.485 (0.449-0.500)
0.718 (0.690-0.741)
0.381 (0.357-0.403)
0.373 (0.356-0.393)

0.313 (0.282-0.332)
0.547 (0.500-0.563)
0.477 (0.453-0.500)
0.706 (0.667-0.746)
0.381 (0.360-0.395)
0.389 (0.358-0.407)

0.808
0.427
0.977
0.328
0.839
0.218

BCmax = maximum betweenness centrality.
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TOPOLOGY OF THE FUNCTIONAL BRAIN NETWORKS
To study network topology, MST-references were created and MST-overlap was calculated
and compared between the groups. Midazolam sedation did not affect the MST (Table 4.2).
By contrast, propofol sedation resulted in a significant reduction of MST-overlap in the
beta frequency band (p=0.012), suggesting an alteration of functional network topology.
To explore this in more detail, we calculated MST measures in the beta frequency band
before and after administration of propofol. This did not reveal significant differences
for any MST-measure between baseline and propofol sedation, see Table 4.4. When we
compared the change in network topology between midazolam and propofol sedation,
we did not detect significant differences in any of the four frequency bands, see Table 4.3.

4

SENSITIVITY ANALYSIS
Because of the difference in RASS score between patients undergoing midazolam and
propofol sedation, all previous comparisons were corrected for the RASS score. To assess
the effect of this approach, we repeated these analyses without correction for RASS
score and detected larger differences between the effect of midazolam and the effect
of propofol (see supplementary material Table S4.2).

DISCUSSION
In this study, we found that midazolam sedation increased relative delta and beta power
and decreased relative theta and alpha power. The functional connectivity strength
decreased in the alpha frequency band with midazolam, and the back-to-front pattern in
the alpha band disappeared, without an alteration of network topology. Propofol sedation
increased the relative delta power and decreased the relative theta and alpha power.
Functional connectivity increased in delta and beta band after propofol administration,
and significantly decreased in the theta and alpha band. The back-to-front pattern in the
alpha band was flipped during propofol sedation, and a more front-to-back pattern was
found in the beta band. When we compared the effects of midazolam with the effects of
propofol, and corrected for differences in level of consciousness, we found that propofol
particularly decreased the alpha band functional connectivity. The directed connectivity
pattern in the delta frequency band was also more affected during propofol sedation
than midazolam sedation. Together, these results indicate different neurophysiological
signatures for light sedation with midazolam versus propofol.
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Our findings on the effects of midazolam and propofol on relative power are consistent
with most previous literature34–36, that described a slowing of background activity and an
increase in beta power due to midazolam. However, previous neurophysiological studies
on midazolam and propofol were all performed in younger individuals, and mainly in
subjects who lost consciousness or regained consciousness from anesthesia. In the
current study, midazolam or propofol were administered to comfort patients during an
endoscopic procedure, and not to induce general anesthesia. Therefore, the results of
the current study cannot directly be compared with these previous investigations.
We found that the alpha band PLI was significantly reduced during light levels of
sedation with midazolam and particularly propofol. The observed differences in PLI
between midazolam and propofol may be the result of different working mechanisms.
It is less likely that this different effect of midazolam compared to propofol results
from differences in RASS score between both groups, as this difference remained after
adjusting for the RASS score and a previous study suggested that functional connectivity
in the alpha frequency band is not directly related to the level of consciousness2.
Frontal-parietal communication has been described to be essential for conscious
perception1,37. Moreover, this was found as common mediator for loss of consciousness in
general anesthesia, independent of the type of administered anesthetics1. We found that
light levels of sedation with midazolam or propofol affected frontal-parietal information
flow in the alpha frequency band. These findings therefore suggest that frontal-parietal
communication is already affected during light levels of sedation.
We found that propofol affected network topology in the beta frequency band, but not
the MST-measures. This suggests that propofol may alter the connections forming the
MST, but not the global network organization. A previous study suggested that loss of
consciousness and return of consciousness due to propofol is associated with a less
efficient network in all four frequency bands2. It is unclear whether differences in age
or level of consciousness between this study and the previous study may have influenced
the different results. Increasing age (above around 57 years) may result in a significant
reduction of functional connectivity and a less efficient minimum spanning tree,
compared to younger subjects15. Aging and loss of consciousness appeared to result in
similar topology changes (i.e., towards a less efficient network). The transition towards
a less efficient functional brain network in older patients, may therefore explain why
older individuals need lower amounts of sedatives to reach the same level of reduced
consciousness compared to younger subjects13,14,38.
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Since use of benzodiazepines such as midazolam is a risk factor for delirium39,40, it can be
hypothesized that administration of benzodiazepines has similar effects on the functional
brain network as delirium. Indeed, we previously showed that delirium is associated with
a less efficient network, similar to findings in the current study on midazolam. It should
however be noted that propofol had a stronger effect on functional connectivity and
directed connectivity than midazolam. This suggests that both midazolam and propofol
have similar effects on the functional brain networks as delirium, which can be the result
of disturbed consciousness in both states.
This is the first study on EEG characteristics of light levels of sedation with midazolam
versus propofol in older subjects. We applied advanced and state of the art techniques to
unravel the mechanisms of action of drugs that are administered every day to numerous
individuals. However, some limitations of the current study need to be addressed. First,
the number of excluded patients was high, due to the clinical setting of this study. As
patients were mainly excluded for logistic and technical reasons such as environmental
artifacts, it is unlikely that this would have affected our findings. Secondly, the type of
analgesia during the endoscopic procedure was significantly different between patients
who received midazolam and those who received propofol, with unclear consequences.
Thirdly, no correction for multiple testing was applied due to the explorative nature of
this study. Finally, it is unclear how the difference in RASS score affected the results.
However, when we adjusted for the RASS score in multivariate analyses, our findings
remained.
In conclusion, this is the first EEG study on the effects of light sedation with midazolam
or propofol in older subjects. Both agents had a distinct neurophysiological signature
for light levels of sedation with regard to relative powers, functional connectivity and
directed connectivity whereas no clear differences were found in network topology.
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SUPPLEMENTARY MATERIAL
Table S4.1. Minimum spanning tree measure and definitions.

MST measure

Definition

Degree

The degree of each node is calculated as the ratio between
number of connections divided between the maximum number
of connections (i.e., 16 connections). The global degree is
defined as the highest degree within the MST.

Leaf fraction (Lf)

The leaf fraction is a global measure defined as the number of
leaf nodes (i.e., nodes with only 1 connection) divided by the
maximum number of nodes within the MST (i.e., 17 nodes).

Diameter (D)

The diameter is a global measure and defined as the longest
distance between any two nodes in the network.

Betweenness centrality (BC)

The number of paths crossing this node, divided by the total
number of paths within the MST (i.e., connections). The
maximum BC is used global MST measure. BC value of 0 indicates
a leaf node, maximum BC is 1 which is the central node in a starlike network.

Eccentricity (Ecc)

The maximum distance between a node an any other node in the
MST network. The global eccentricity is the range between the
highest Ecc and lowest Ecc.

Tree hierarchy (Th)

The tree hierarchy is a global measure (Th=Lf/(2mBCmax )) and
describes the extent of hierarchical organization of the MST.
A star-like tree has an Th of 0.5, for a path-like tree the Th
value decreases towards 0. MST structures with a hierarchical
organization can have a Th value up to 1. m is number paths in
MST (i.e., 16 connections).
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Table S4.2. Difference between effect of midazolam and effect of propofol.

Measure

Effect of Midazolam
(n=22)

Effect of Propofol
(n=26)

F-test

p-value

0.252 ± 0.216
-0.131 ± 0.144
-0.144 ± 0.142
0.023 ± 0.106

F(1,45) = 5.10
F(1,45) = 2.01
F(1,45) = 0.34
F(1,45) = 3.37

0.029*
0.163
0.562
0.073

0.025 ± 0.035
-0.019 ± 0.042
-0.042 ± 0.058
0.001 ± 0.013

F(1,45) = 4.88
F(1,45) = 3.12
F(1,45) = 4.72
F(1,45) = 1.03

0.032*
0.084
0.035*
0.316

-0.008 ± 0.031
0.009 ± 0.026
0.038 ± 0.034
0.010 ± 0.020

F(1,45) = 4.16
F(1,45) = 3.09
F(1,45) = 8.24
F(1,45) = 3.25

0.047*
0.086
0.006*
0.162

-0.010 ± 0.059
-0.018 ± 0.053
-0.022 ± 0.081
-0.032 ± 0.060

F(1,45) = 0.19
F(1,45) = 0.68
F(1,45) = 9.55
F(1,45) = 1.52

0.664
0.415
0.003*
0.224

Δ Relative power
Delta
Theta
Alpha
Beta

0.167 ± 0.128
-0.037 ± 0.081
-0.183 ± 0.099
0.052 ± 0.074

Δ Functional connectivity, Δ PLI
Delta
Theta
Alpha
Beta

0.009 ± 0.025
0.001 ± 0.024
-0.027 ± 0.058
-0.001 ± 0.024

4

Δ Directed connectivity, Δ AP-ratio
Delta
Theta
Alpha
Beta

-0.001 ± 0.026
-0.002 ± 0.028
0.028 ± 0.035
0.002 ± 0.018

Δ Topology, Δ MST-overlap
Delta
Theta
Alpha
Beta

-0.001 ± 0.055
-0.015 ± 0.069
0.010 ± 0.076
-0.009 ± 0.094

These analyses, without correction for RASS score, were performed as sensitivity analysis in addition to the analyses
corrected for RASS. The differences in relative delta power, functional connectivity, anterior-posterior ratio and MSToverlap measures were calculated by sedation-baseline and presented as mean ± standard deviation. Difference between
effect of midazolam and effect of propofol were evaluated with linear regression model with sedative as fixed factor and
baseline measure as covariate. AP-ratio = anterior-posterior ratio, MST = minimum spanning tree, PLI = phase lag index.
*Significantly different (p<0.05).
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ABSTRACT
OBJECTIVE: To evaluate to what extent delirium experts agree on the diagnosis of
delirium when assessing independent exactly the same information. Secondly to evaluate
the sensitivity of delirium screening tools in routine daily practice by clinical nurses.
DESIGN: Prospective observational longitudinal study.
SETTING: Multicenter study in three medical centers in the Netherlands.
PARTICIPANTS: Elderly postoperative patients (n=167).
MEASUREMENTS: Patients were daily (postoperative day 1-3) examined for delirium
by a researcher using standardized cognitive assessment and interview including the
delirium rating scale revised version-98 as global impression without any cut-off values,
which was recorded on video. The videos and clinical information over the last 24 hours
from the patients’ record were evaluated by two delirium experts independently, who
classified each assessment as delirious, possible delirious, or non-delirious. Interrater
agreement between delirium experts was determined using weighted Cohen’s kappa.
When there was no consensus, a third expert was consulted. Final classification was
based on median score and compared to the results of the confusion assessment
method for intensive care unit and delirium observation screening scale that clinical
nurses administered.
RESULTS: We included 424 postoperative assessments of 167 patients. The overall kappa
was ĸ=0.61 (95% confidence interval 0.53-0.68). In 89 (21.0%) assessments there was
no agreement between the experts, and a third delirium expert was needed for the final
classification. Assessments performed by nurses detected 32% of the assessments which
were diagnosed as (possible) delirious by the experts.
CONCLUSION: There was considerable disagreement in classification of delirium
by experts who independently assessed exactly the same information, showing the
difficulty of delirium diagnosis. Furthermore, the sensitivity of daily delirium screening by
clinical nurses was poor. Future research should focus on the development of objective
instruments to diagnose delirium.
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INTRODUCTION
Delirium is characterized by an acute disturbance of attention and awareness, with
additional changes in cognition that tend to fluctuate over time1. The incidence of
delirium during hospital stay is high, especially in elderly postoperative and critically
ill patients2–4. Consequences of delirium are longer intensive care unit (ICU) and
hospital stay5–7, increased health care costs2,8,9 and deterioration of long-term cognitive
function4,7,8,10. Therefore, delirium is a serious health care problem.
The reference standard for diagnosing delirium is the assessment by a delirium expert:
geriatrician, psychiatrist, or neurologist, usually using the criteria of the Diagnostic and
Statistical Manual of Mental Disorders (DSM)-51. Delirium diagnosis may be based on
one or a combination of clinical impression, cognitive testing, clinical notes, physical
examination, and lab results, which was found to differ greatly for the reference standard
in literature11. The consistency of the delirium diagnosis is however currently unclear, as
it has never been studied to what extent different delirium experts agree on the delirium
diagnosis when independently assessing exactly the same information.
In clinical practice, it is infeasible for delirium experts to examine all patients. Therefore,
delirium screening tools have been developed, and routine delirium screening is
recommended by several organizations amongst others the American Geriatrics Society12
and the Society of Critical Care Medicine13. The feasibility and interrater reliability of
delirium instruments has been investigated in several studies14–18. Importantly, almost
all of these studies were performed in a research setting where dedicated researchers
performed the assessments. Further, most of these studies were performed in centers
where the screening tools were developed. The sensitivity of delirium screening in
routine, clinical practice by clinical nurses in ICU patients was low (overall 47% using the
confusion assessment method for the ICU (CAM-ICU))19, as well as in non-ICU patients
when using the CAM, was also low, 25%20.
The aim of this study was to determine agreement in diagnosing delirium by delirium
experts when independently confronted with exactly the same clinical information and
to determine the sensitivity of delirium screening tools in routine daily practice by clinical
nurses.
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METHODS
DESIGN, SETTING AND STUDY POPULATION
This prospective, multicenter observational study was performed in three centers:
University Medical Center Utrecht (UMCU), Radboud University Medical Center
Nijmegen, and Isala Klinieken Zwolle, a nonacademic teaching hospital (clinicaltrials.
gov identifier NCT02404181). The current study was performed in the context of
the validation of an electroencephalogram (EEG)-based delirium monitor, which was
approved by the medical ethical board of the UMCU (protocol number 13-643).
Patients scheduled for major surgery, (i.e., expected hospital stay of ≥2 days) aged 60 years
and older and considered to be at risk for delirium were informed about the study and
provided written informed consent. Patients were considered to be at risk of delirium if
they were aged 75 and older, had a history of transient ischemic attack (TIA), stroke, alcohol
abuse, depression, dementia, delirium, cognitive problems, or severe cardiac or respiratory
disease2. Exclusion criteria were inability to speak Dutch or English, deafness, neurological
surgery, and inability to perform EEG-based delirium monitor recording.

REFERENCE STANDARD DELIRIUM DIAGNOSIS
Patients were examined by trained researchers preoperatively (time point T-1) and the
first three consecutive days after surgery (T1, T2 and T3). Patients were interviewed using
the 13-severity items of the delirium rating scale revised edition ’98 (DRS-R-98)21,22 and
the CAM-ICU15. The DRS-R-98 is a specialist instrument designed for psychiatrists or other
professionals with substantial training in mental health assessment (see supplementary
Table S5.1 for scoring). Items were rated between 0 and 3, yielding a total DRS-R-98
score ranging between 0 and 39, higher scores indicate more severe delirium symptoms.
No predefined cut-off values were used to ensure unbiased delirium diagnosis by
the experts. All interviews including cognitive assessment were recorded on video and
took approximately 10-15 minutes. When patients refused to participate on a specific
recording day, no video assessment was performed and no formal expert diagnosis
was available for that day.
Delirium experts from academic and nonacademic hospitals in the Netherlands
evaluated the videos. The experts were psychiatrists (n=17), geriatricians (n=15),
neurologists (n=4), neuropsychologist (n=1), or nurse-scientist (n=1) with a median
of 11.5 years (interquartile range; 1st -3rd quartile (IQR) 6.3-19.0) of experience and
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saw an estimated median of 15 (IQR 10-25) patients with delirium monthly. All experts
received written instruction about the evaluation procedure. The experts evaluated all
video recordings combined with patients’ medical and nursing record information of
the last 24 hours, and filled in the DRS-R-98. Each patient was assessed by two delirium
experts, who were blinded to each other’s evaluations, with different combinations of
delirium experts in all patients.
Two classifications had to be made: one based solely on the cognitive testing recorded on
video, and one based on all information over the last 24 hours including the description
in the medical and nursing files and the video. Both classifications were based on DSM-5
criteria. For each classification a likelihood of the patient having delirium on a numeric
rating scale (NRS: 0=definite no delirium, 10=definite delirium), as well as a final diagnosis:
‘no delirium’, ‘possible delirium’, or ‘delirium’ had to be reported. When the patient was
classified as having (possible) delirium, the motor subtype (hypoactive, hyperactive, or
mixed) was reported.
Classifications of the two delirium experts were compared. If there was no consensus
on either the video recording or all information in the last 24 hours including the video
recording, a third expert was consulted. The third expert was blinded for the classification
of the first two experts, but knew that he/she was consulted because of disagreement.
Final classification and motor subtype were based on the median score of the three
experts. The final NRS and DRS-R-98 scores of the two or three (when a third expert
was consulted) delirium experts were averaged.

DELIRIUM SCREENING BY THE CLINICAL NURSE
In the participating hospitals, the CAM-ICU and delirium observation screening (DOS) scale
were used in daily practice for delirium assessment two or three times a day, in the ICU
and general wards, respectively. The DOS scale consists of 13 items (supplementary Table
S5.2)17,23. Patients’ record was reviewed for available documentation of the CAM-ICU
and/or DOS-score for the last 24 hours before the video recording. In patients who were
transferred from the ICU to the general ward, both scores could have been administered
in the last 24 hours. The highest DOS score per day was used, when both positive and
negative CAM-ICU scores were documented, the positive score was used. A combined
clinical nurse score was calculated and defined positive when either one or both CAMICU and DOS scores were positive. Clinical nurses and physicians were blinded for the
classification of the delirium experts.

113

5

Chapter 5

OTHER DATA COLLECTION
The following baseline characteristics were recorded: age, sex, alcohol consumption
(no alcohol, 1-14, or >14 alcohol units per week), transient ischemic attack (TIA) or
stroke in the medical history, preexisting psychiatric disease, and previous cognitive
problems defined by mini-mental state examination (MMSE) as assessed preoperatively.
Furthermore, characteristics of the surgical procedure were documented, including type
and duration of surgery.
STATISTICAL ANALYSIS
To assess the interrater agreement between two experts for all postoperative assessments,
we used linear weighted Cohen’s kappa statistic, separately for the classification based
on cognitive testing on video only, and for the classification based on all information
over the last 24 hours that included cognitive testing on video. To assess reliability, the
intraclass correlation coefficient was calculated, based on a single measure two-way
random model, between the ratings of the two delirium experts for the likelihood (NRS)
and severity (DRS-R-98) scores.
Furthermore, variability in NRS and DRS-R-98 scores between the two delirium experts
was evaluated for the motor subtypes by calculating the average and the absolute
Table 5.1. Baseline characteristics of the study population.

All patients (n=167)
Age (years), mean (SD)

76.8 (6.4)

Male, n (%)

113 (67.7%)

Alcohol consumption*, n (%)
None
1-14 per week
> 14 per week

64 (38.3)
73 (43.7)
26 (15.6)

Medical history, n (%)
TIA or Stroke
Psychiatric disease

47 (28.1)
11 (6.6)

MMSE*, median (range)

28 (14-30)

Surgery type, n (%)
Cardiothoracic or vascular
Orthopedic
Other

147 (88.6)
12 (7.2)
7 (4.2)

Duration of surgery (min.) *, median (range)

169 (20-401)

*Number of missings: alcohol consumption 4 (2.4%), MMSE 43 (25.7%), duration of surgery 4 (4.2%). Surgery type other:
otorhinolaryngology (n=3), gastrointestinal or general surgery (n=3), urologic (n=1). MMSE = mini-mental state examination,
n = number, SD = standard deviation.
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difference of the NRS and DRS-R-98 scores between the initial two experts. These scores
were compared between the different motor subtypes using the Mann Whitney U test.
Sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV)
of the CAM-ICU, DOS, and the combined clinical nurse score were calculated using the
classification of delirium experts based on all information over the last 24 hours including
cognitive testing as reference. For these calculations, ‘possible delirium’ and ‘delirium’
were combined and compared to ‘no delirium’. To assess the effect of including ‘possible
delirium’ in the delirium group, we performed a sensitivity analysis where ‘possible
delirium’ was included in the group without delirium.
All postoperative assessments were included as independent observations. To assess
the influence of repeated measures, we recalculated the diagnostic values of the CAMICU scored by clinical nurses based on T1 only. P-values <0.05 were assumed statistically
significant. Statistical analyses were performed in IBM SPSS Statistics (Version 21).

RESULTS
Of 196 patients from whom informed consent was obtained, 29 (14.8%) were excluded
for logistical reasons. The remaining study population consisted of 167 patients, in
whom 424 postoperative delirium assessments were performed. Of the 501 potential
postoperative assessments, 31 (6.2%) were excluded because the patient refused
participation on that day and 46 (9.2%) because of logistical reasons, for example
discharge. None of the patients were intubated at the time of cognitive testing.

POPULATION CHARACTERISTICS
Baseline characteristics of the study population are presented in Table 5.1. The vast
majority of patients underwent cardiothoracic surgery (88.6%). The median preoperative
MMSE score was 28 (range 14-30), 10 patients had an MMSE below 24. Assessments
were performed in the ICU (n=71, 16.7%), medium care/coronary care unit (n=93,
21.9%), and general ward (n=260, 61.3%).
INTERRATER RELIABILITY OF THE DIAGNOSIS OF DELIRIUM
Of the 424 assessments, 344 (81.5%) were classified similarly by both experts into
‘delirium’, ‘possible delirium’, or ‘no delirium’ based on cognitive testing only (Table
5.2A), two observations were excluded due to an incomplete video. In 78 (18.5%)
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assessments there was disagreement between the experts on the classification of videorecorded cognitive testing. This resulted in ĸ=0.53 (95% CI 0.44-0.62).
The extent of agreement between experts classifying delirium based on all information
over the last 24 hours including cognitive testing, resulted in ĸ=0.61 (95% CI 0.53-0.68,
Table 5.2B). In the 89 (21.0%) assessments with disagreement based on all information,
a third expert was consulted to obtain final classification. Based on all information
including cognitive testing recorded on video, 50 (11.8%) postoperative assessments
were classified as delirious and 50 (11.8%) as possible delirious, which were combined
as 100 (23.6%) positive delirious assessments. The other 324 (76.4%) assessments
were classified as no delirium. This corresponded with 31 (18.6%) patients classified
Table 5.2. Interrater variability of the classification of delirium by delirium experts.

A

Expert X
No delirium

Possible delirium

Delirium

No delirium

313 (74.2%)

-

-

Possible delirium

45 (10.7%)

19 (4.5%)

-

Delirium

9 (2.1%)

24 (5.7%)

12 (2.8%)

Expert Y

Classification:
cognitive tests only
(422 assessments*)

B

Expert X
No delirium

Possible delirium

Delirium

No delirium

286 (67.5%)

-

-

Possible delirium

49 (11.6%)

16 (3.8%)

-

Delirium

11 (2.6%)

29 (6.8%)

33 (7.8%)

Expert Y

Classification:
all information in last
24 hours
(424 assessments)

In each patient the two initial experts classified the patients as having ‘no delirium’, ‘possible delirium’ or ‘delirium’ based
on (A) cognitive tests recorded on video (weighted kappa 0.53 (95% CI 0.44-0.62)) and based on (B) all information in the
last 24 hours, including the cognitive testing recorded on video (weighted kappa 0.61 (95% CI 0.53-0.68)). *The videos of
two postoperative assessments were incomplete and therefore not included in this comparison.
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as delirious and 30 (18.0%) patients classified as possible delirious in the first three
postoperative days. Median DRS-R-98 score was 3.0 (IQR 2.0-4.0) for patients without
delirium, 7.7 (IQR 6.3-12.7) for those with possible delirious, and 12.7 (IQR 9.6-17.5)
for those with delirium. Further analyses were performed using the final delirium expert
classification based on all information over the last 24 hours.

VARIABILITY OF THE LIKELIHOOD AND SEVERITY OF DELIRIUM
The intraclass correlation coefficient between the scores of the first two delirium experts
was 0.73 (95% CI 0.68-0.77) for NRS and 0.76 (95% CI 0.72-0.80) for DRS-R-98 (Figure 5.1).
The median absolute difference in NRS scores of both experts was 1 (IQR 0-2), the median
absolute difference in DRS-R-98 scores was also 1 (IQR 1-3). Agreement between the first
two experts on the individual DRS-R-98 items is shown in supplementary Table S5.3.
The NRS scores that the experts assigned for the likelihood of the patient being delirious
did not differ between hypoactive (median 6.3 (IQR 4.4-7.2)), mixed (median 6.2 (IQR
4.6-9.0)), and hyperactive (median 7.0 (IQR 5.5-9.0), p=0.18) subtypes of delirium. The
DRS-R-98 that the experts assigned for the severity of delirium did not differ over the
three motor subtypes either (hypoactive: median 10.0 (IQR 7.8-13.3), mixed: median 9.7
(IQR 6.9-12.2), hyperactive: median 13.0 (IQR 6.5-20.3), p=0.33).

Figure 5.1. Scores of first two delirium experts of the likelihood (numeric rating scale, NRS, left panel) and severity of
delirium (DRS-R-98, right panel) based on all information within the last 24 hours including cognitive testing as recorded
on video.
Expert X represents the highest NRS/DRS-R-98 score of the two experts, Expert Y had the lowest NRS/DRS-R-98 score
of the two experts. The size of the circles indicates the number of postoperative assessments with these scores. ICC =
intraclass correlation coefficent.
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There was more disagreement on the likelihood of the patient being delirious between
the experts in hypoactive delirium than in the other types of delirium: the absolute
difference of the NRS score between the initial two experts was significantly higher in
the hypoactive subtype compared to mixed (p=0.01) and hyperactive subtypes (p=0.03).
No differences in assigned DRS-R-98 scores were found between the delirium subtypes
(p=0.45), see Table 5.3.

CLINICAL USE OF DELIRIUM SCREENING TOOLS
Of the 424 included assessments, in 117 (27.6%) only the CAM-ICU was performed, in
87 (20.5%) only the DOS was documented, in 14 (3.3%) both CAM-ICU and DOS were
performed, and in 206 (48.6%) no clinical screening was documented. The combined
score (i.e., either the CAM-ICU and/or DOS) was performed in 218 (51.4%) delirium
assessments. In 32 of the 100 delirium assessments that were classified by the experts
as (possible) delirium, the CAM-ICU or DOS was positive. Screening by clinical nurses
was performed in 44.4% , 60.0% and 82.0% of the non-delirious, possible delirious and
delirious assessments, respectively.
The CAM-ICU was performed in 44 assessments with (possible) delirium classification
by the delirium experts, which was positive in 11 (25.0%) of these assessments. The
DOS was documented in 37 (possible) delirium assessments and positive in 23 (62.2%)
of the assessments (Table 5.4). Combining the two delirium screening tools resulted in
a sensitivity of 43.2% (95% CI 31.6-55.2%) and specificity of 97.2% (95% CI 92.5-99.1%).
Table 5.3. Absolute difference in likelihood (NRS) and severity (DRS-R-98) of delirium between two initial experts.

Absolute difference
between experts

Hypoactive
(29 assessments)

Mixed
(58 assessments)

Hyperactive
(13 assessments)

p-value

Likelihood of
delirium, (NRS)

3.0 (1.5-5.0)

2.0 (1.0-3.3)

1.0 (0.0-3.5)

0.01a,b

Severity of delirium,
(DRS-R-98)

3.0 (1.0-8.0)

3.0 (1.8-5.3)

2.0 (0.5-5.0)

0.45

Motor subtype classification based on two (or majority vote of three) delirium experts based on all available information
over the last 24 hours including cognitive testing recorded on video. Both ‘possible delirium’ and ‘delirium’ classified
assessments were included. The median absolute difference (interquartile range) of the likelihood and severity of delirium
were assessed with the Kruskal Wallis test, post-hoc Mann-Whitney U test showed; a significant difference between
hypoactive delirium and mixed type, b significant difference between hypoactive and hyperactive delirium. DRS-R-98 =
delirium rating scale revised in ’98, averaged score between 0 and 39 for the severity of delirium; NRS = numeric rating
scale, averaged score between 0 and 10 for the likelihood of a patient being delirious.
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Table 5.4. Evaluation of clinical nurse delirium screening in clinical practice.

Delirium screening method

Sensitivity
(% (95% CI))

Specificity
(% (95% CI))

PPV
(% (95% CI))

NPV
(% (95% CI))

CAM-ICU
(131 assessments,
33.6% (possible) delirious‡)

25.0
(13.7-40.6)

96.6
(89.5-99.1)

78.6
(48.8-99.1)

71.8
(62.6-79.5)

DOS
(101 assessments,
36.6% (possible) delirious‡)

62.2
(44.8-77.1)

98.4
(90.4-99.9)

95.8
(90.4-99.9)

81.8
(71.0-89.4)

Combined CAM-ICU and/or DOS
(218 assessments,
34.4% (possible) delirious‡)

43.2
(31.6-55.2)

97.2
(92.5-99.1)

88.9
(73.0-96.4)

76.9
(70.0-82.7)

‡Number of assessments classified as ‘possible delirious’ or ‘delirious’ by the final classification based on all information
in the last 24 hours, including cognitive testing stored on video. In 14 assessments both CAM-ICU and DOS were
documented, which are included in all three groups. DOS ≥3 was used as threshold for delirium detection. For combined
CAM-ICU and/or DOS the highest score (either positive for the CAM-ICU or DOS ≥3) documented in the last 24 hours.
CAM-ICU = confusion assessment method for intensive care unit, CI = confidence interval, DOS = delirium observation
screening, NPV = negative predictive value, PPV = positive predictive value.

The diagnostic performance of the clinical nurses with screening improved slightly when
‘possible delirium’ was grouped as ‘non-delirious’ (sensitivity: 55.8%, specificity: 93.1%,
PPV: 66.7%, and NPV: 89.6%).
Finally, the diagnostic performance of the CAM-ICU was calculated for T1 only, to exclude
effects of repeated measurements. This resulted in a sensitivity of 21.9% (95% CI 9.940.4%), a specificity of 95.7% (95% CI 87.2-98.9%), PPV was 70.0% (95% CI 35.4-91.9%),
and NPV 72.8% (95% CI 62.4-81.3%), which did not show major differences compared to
the main analysis over all postoperative days.

DISCUSSION
In this study we found a considerable amount of disagreement in the classification of
delirium by experts who independently assessed exactly the same information. The
variability between experts in the likelihood of a patient being delirious was highest
in the hypoactive motor subtype. Recognition of delirium by clinical nurses using
screening appeared to be insufficient with not more than 32% of the postoperative
cases identified.
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RECOGNITION OF DELIRIUM IN CLINICAL PRACTICE
The CAM-ICU and DOS have been validated in research settings with good diagnostic
properties15,17,24,25, however not all subsequent studies were able to reproduce these high
diagnostic values14,19,26. In this study we found a sensitivity of 25.0% and 62.2% for CAMICU and DOS, respectively, indicating under-detection of delirium in clinical practice.
Cautious interpretation is needed, because only cases were included when the results
of the delirium screening tool administered by clinical nurses was documented in the
patient record, which was present in half of the study population. We did not investigate
underlying reasons of this rather low number of documented screening tools. It is not
clear how this might have influenced the diagnostic values. Another explanation of the
low diagnostic performance is the included ‘possible delirium’ assessments, which might
not fulfill all criteria and therefore result in false negative scores. Repeating the analysis
with ‘possible delirium’ as negative assessment resulted in a slightly higher sensitivity
of 55.8%, although still not sufficient for clinical practice.
STRENGTHS AND LIMITATIONS
Strengths of this study are the prospective, multicenter setting, in academic and
nonacademic hospitals, and large sample size. The first assessment was performed
before surgery, facilitating the classification of delirium by the reference standard.
Cognitive testing was extensive and standardized. As we recorded these assessments,
we had a unique opportunity to investigate to what extent there is agreement of the
delirium diagnosis by different delirium experts truly independent of each other. The
reference standard was robust, as it was based on all available information compatible
with usual clinical practice, and not based on a cut-off score of the DRS-R-98. Moreover,
consensus by two delirium experts was required, and in case of disagreement, a third
expert was consulted. To account for the fluctuating nature of delirium, experts had
excess to the medical and nursing files in addition to the videos with the interview
including cognitive assessment.
Some potential limitations need to be addressed. First, the category ‘possible delirium’
may have been difficult to interpret and may have influenced the interrater agreement.
Second, each postoperative assessment was analyzed as individual case and therefore
the effect of repeated measures within patients was not taken into account. However,
sensitivity analysis evaluating the diagnostic values of the CAM-ICU based on one measure
of each patient (T1), showed similar results. Third, 31 (6.2%) formal assessments could
not be performed because the patient refused participation, which may have led to
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underdetection of delirium. However, we do not recall cases that showed signs of
delirium based on clinical impression of the visiting researcher or the patient record.
Finally, agreement between the experts and detection rate by clinical nurses might
have been higher when the included patients had more severe delirium.

RECOMMENDATIONS FOR FUTURE STUDIES
There is a clear need for an easy-to-use, reliable method to detect delirium in clinical
practice. Most of the current tools are based on observation, simple tests27, or a
combination of both approaches15. Several cognitive tests have been described and
validated in the literature, such as the abbreviated cognitive test for delirium28,
Edinburgh delirium test box29,30, or smartphone application31. These tools showed good
performance, but interpretation by the performer is needed, and interaction with the
patient is essential but not possible in all patients, for example due to depressed levels
of consciousness. Therefore, an objective tool is needed which is applicable in every
patient and unambiguous to interpret. Bipolar EEG may be a candidate for objective
delirium detection32. One minute recording without artifacts was shown to be sufficient
to distinguish delirious from non-delirious patients32. It should, however, be noted that
this study was performed in patients with either definite delirium or definite no delirium,
findings should be confirmed in an independent study population. It is not clear whether
this approach could replace assessment of all aspects of delirium, or whether some
features (e.g., hallucinations or distress) would still require interaction.
CONCLUSION
This study showed a considerable amount of disagreement in the classification of
delirium by experts who independently assessed exactly the same information, indicating
the difficulty of delirium diagnosis. Moreover, delirium recognition in clinical practice
by clinical nurses was poor and a relative high number of delirious cases remained
unrecognized despite the use of delirium screening tools. An objective and reliable
screening tool may improve the detection of delirium.
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SUPPLEMENTARY MATERIAL
Table S5.1. Delirium rating scale revised-98 (DRS-R-98).

Item

Score patient

1. Sleep-wake cycle

0

1

2

3

2. Perceptual disturbances

0

1

2

3

3. Delusions

0

1

2

3

4. Lability of affect

0

1

2

3

5. Language

0

1

2

3

6. Thought process

0

1

2

3

7. Motor agitation

0

1

2

3

8. Motor retardation

0

1

2

3

9. Orientation

0

1

2

3

10. Attention

0

1

2

3

11. Short-term memory

0

1

2

3

12. Long-term memory

0

1

2

3

13. Visuospatial ability

0

1

2

3

Total score:
Total score DRS-R-98: sum score of the 13 items.

124

□ Check here if intubated, mute, etc.

□ Check here if restrained
Type of restraints:

Date:
Place:
Person:

□ Record # of trials for registration of items:
Check here if category cueing helped

□ Check here if unable to use hands
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Table S5.2. Delirium observation screening (DOS) scale.

Scoring
Item

Never

Sometimes or always

1. Dozes during conversation or activities

0

1

2. Is easy distracted by stimuli from the environment

0

1

3. Maintains attention to conversation or action

1

0

4. Does not finish question or answer

0

1

5. Gives answers which do not fit the question

0

1

6. Reacts slowly to instructions

0

1

7. Thinks to be somewhere else

0

1

8. Knows which part of the day it is

1

0

9. Remembers recent event

1

0

10. Is picking, disorderly, restless

0

1

11. Pulls IV tubes, feeding tubes, catheters etc.

0

1

12. Is easy or sudden emotional (frightened, angry, irritated)

0

1

13. Sees persons/things as somebody/something else

0

1

Total score (sum):
The items of the delirium observation screening score (DOS) are depicted. Each item is scored 0 or 1. The cut-off value for
delirium is a sum score of 3 and higher.

Table S5.3. Agreement between the first two experts on each individual DRS-R-98 item.

DRS-R-98 item

Weighted kappa

Number of missings

1. Sleep-wake cycle

0.39 (95% CI 0.32-0.46)

6

2. Perceptual disturbances

0.65 (95% CI 0.55-0.75)

9

3. Delusions

0.45 (95% CI 0.28-0.62)

4

4. Lability of affect

0.26 (95% CI 0.15-0.37)

7

5. Language

0.37 (95% CI 0.27-0.48)

11

6. Thought process

0.39 (95% CI 0.27-0.51)

19

7. Motor agitation

0.42 (95% CI 0.29-0.55)

9

8. Motor retardation

0.49 (95% CI 0.37-0.61)

8

9. Orientation

0.63 (95% CI 0.55-0.72)

12

10. Attention

0.43 (95% CI 0.36-0.50)

10

11. Short-term memory

0.66 (95% CI 0.60-0.71)

18

12. Long-term memory

0.49 (95% CI 0.37-0.61)

17

13. Visuospatial ability

0.51 (95% CI 0.42-0.59)

38

The total number of included assessments was n=424. CI = confidence interval
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ABSTRACT
IMPORTANCE: Delirium due to encephalopathy is associated with poor outcome
but is frequently unrecognized, which hampers treatment. Electroencephalography
(EEG) is an objective tool to measure brain activity that shows slowing of background
activity in delirium. However, conventional EEG recordings are unsuitable for routine
clinical applications as they can be time consuming and require trained personnel for
interpretation.
OBJECTIVE: To validate a brief recording with quantitative, single-channel EEG to
diagnose delirium in an independent cohort of older postoperative patients.
DESIGN: Prospective, multicenter study.
SETTING: Two university hospitals and one nonacademic teaching hospital in the
Netherlands.
PARTICIPANTS: Postoperative patients, aged 60 years or older (n=159).
EXPOSURES: Patients were seen preoperatively and on the first three postoperative days
to perform a five minute EEG recording with two channels (Fp2-Pz and T8-Pz according
to the international 10-20 system), followed by a standardized cognitive assessment
recorded on video, including the delirium rating scale revised version-98. In addition,
we recorded all information from the medical- and nursing files. Two, or in case of
disagreement, three delirium experts classified each postoperative day based on the
videos and chart review, Diagnostic and Statistical Manual of Mental Disorders (DSM–5)
criteria, and majority vote, into ‘no delirium’ versus ‘possible delirium’, or ‘delirium’. This
classification was compared to the EEG recordings.
MAIN OUTCOMES AND MEASURES: The relative delta power (1-4 Hz), an estimate of
slowing of EEG activity based, on 1-minute artifact-free EEG recording was compared
with the final delirium classification by the experts, using a receiver operative
characteristic curve (ROC).
RESULTS: The area under the ROC curve (AUROC) was 0.75 (95% confidence interval
(CI) 0.69-0.82) for relative delta power (1-4 Hz) on derivation Fp2-Pz. Additional analysis
showed that widened relative delta power (1-6 Hz) on Fp2-Pz had a significantly higher
AUROC (0.78, 95% CI 0.72-0.84, p=0.014).
CONCLUSIONS AND RELEVANCE: Delirium can be detected in older postoperative
patients based on a brief single-channel EEG recording. This approach enables objective
detection of delirium, providing a continuous scale instead of a dichotomized outcome.
TRIAL REGISTRATION: Clinicaltrials.gov identifier NCT02404181.
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INTRODUCTION
Delirium due to encephalopathy is a common disorder in hospitalized patients,
particularly after surgery1–4 and in the intensive care unit (ICU)5,6. Delirium is associated
with prolonged hospitalization7–9, long-term cognitive decline4,5,8,10,11, increased
mortality8,12, institutionalization13 and costs12,14, and is therefore a serious health care
problem. Early detection enables early treatment of delirium. However, delirium is
often not recognized12. To improve detection of delirium, several screening tools have
been developed. In a research setting with a limited number of researchers, these
tools could reliably classify delirium15–18. However, these instruments appeared to be
less sensitive in routine, daily practice19. The most frequently used screening tool in the
ICU, the confusion assessment method (CAM)-ICU, had a sensitivity of 47% in a clinical
setting when administered by numerous bedside ICU nurses19. The CAM assessed by
clinical nurses in hospitalized older patients showed a sensitivity of 25%20. These findings
raise the question whether an objective tool could be used to detect delirium.
Delirium is associated with slowing of electroencephalogram (EEG) background activity21,22.
EEG-based monitoring and quantification could have great potential for detecting
delirium in routine daily practice as it is objective, applicable in all patients despite
language- or sensory barriers, and could quantify delirium severity on a continuous
scale, whereas commonly used screening tools yield a dichotomized score. However,
performing conventional EEG in all patients at risk for delirium is unsuitable for daily
clinical practice, since it can be time consuming and requires trained personnel for
interpretation. In our previous proof of concept study, we showed that one minute EEG
recording with three electrodes was enough to distinguish cases with delirium from nondelirious controls after cardiac surgery using the relative delta power (i.e., the power of
slow waves below 4 Hz)23. Based on these findings we developed an EEG-based delirium
monitor.
The objective of the current study was to validate this EEG-based monitor, by assessing
its discriminative performance in an independent cohort of older postoperative patients.
We hypothesized that delirium can be distinguished from non-delirium based on the
relative delta power.

129

6

Chapter 6

METHODS
DESIGN, SETTING AND STUDY POPULATION
In this prospective, multicenter study, patients who were scheduled for surgery were
included between June 2014 and July 2016, in University Medical Center (UMC) Utrecht,
Radboud University Medical Center Nijmegen, and the nonacademic teaching hospital
Isala in Zwolle. The ethical committee of UMC Utrecht approved the study protocol
(number 13-634) and the protocol was registered at ClinicalTrials.gov (identifier:
NCT02404181).
Eligible patients of 60 years or older, scheduled for major surgery, (i.e., an expected
hospital stay of at least two postoperative days), were visited at the preoperative
outpatient screening clinic or at the ward at hospital admission and asked for written
informed consent. Patients at risk for delirium were invited to participate. Patients were
considered to be at risk for delirium when: aged ≥ 75 years, medical history of a transient
ischemic attack (TIA), stroke, depression, dementia, alcohol abuse, cognitive problems,
severe cardiac or respiratory disease, or previous episode of delirium12. Exclusion criteria
were admission for neurological surgery and inability to perform cognitive testing (e.g.,
language barrier or deafness).

STUDY PROCEDURE
A researcher visited the patients before surgery (T-1), and on the first three consecutive
days after surgery (T1, T2, and T3). During each visit an EEG recording was performed
followed by standardized cognitive assessment. In addition, all information from the
medical and nursing files during the study period (T-1 to T3) was collected.
Index test - EEG recording
Ag/AgCl electrodes were applied using EEG paste for conductivity and a simple headband
for positioning the electrodes at Fp2, T8, Pz, and the ground electrode at FPz according
to the international 10-20 system. A MobiMini system (TMSi, Oldenzaal, the Netherlands)
was used as amplifier. Data were transmitted by a Bluetooth wireless sender to a laptop.
Bipolar recording was performed for Fp2-Pz and T8-Pz with a sample frequency of 512
Hz, re-referencing gave the third EEG derivation Fp2-T8. Patients were instructed to relax,
and close their eyes for five minutes. The researcher ensured that the patients were kept
awake with verbal commands.
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The first 60 seconds of artifact-free data were selected by a researcher, blinded to the
classification of the experts described below. Data were filtered in the following order:
first, the 50 Hz component and its visible harmonics in the Fourier spectrum were
removed using notch filters. Second, drift (i.e., frequencies <0.15 Hz) was removed using
an infinite impulse response (IIR) filter. Phase distortion was avoided by processing the
data in a forward and reversed arrangement. Third, using the obtained transfer function
between the apparatus of our previous study23 and the MobiMini system in the current
study, we corrected for differences of the EEG signals between the systems using a
combination of finite impulse response (FIR) and IIR filtering.
The selected EEG segments were assessed with different methods. First, the relative
delta power was computed, as the ratio between the absolute delta power between
1 and 4 Hz and the total power (i.e., power between 1 and 30 Hz). For exploratory
analyses, several other EEG parameters were calculated for the three deviations (Fp2-Pz,
T8-Pz, and Fp2-T8): relative powers of widened ranges of delta (1-5 Hz and 1-6 Hz), theta
(4-8 Hz), alpha (8-13 Hz), and beta (13-30 Hz) power, slow-fast ratio (power between
1-8 Hz/8-30 Hz), and peak frequency (between 4-13 Hz)23.
Reference test - Delirium assessment
Directly after each EEG recording, the Dutch version of the delirium rating scale – revised
in 1998 (DRS-R-98) concerning the last 24 hours and the CAM-ICU were administered
by a researcher24,15. This structured examination took 10-15 minutes and was recorded
on video. The level of consciousness was assessed with the Richmond agitation-sedation
scale (RASS), ranging between -5 (i.e., unarousable) to +4 (i.e., combative), with 0 being
alert and calm25.
Diagnoses of delirium were made by delirium experts, geriatricians (n=17), neurologists
(n=4), psychiatrists (n=15), a psychologist (n=1) and a nurse-scientist (n=1) with a median
of 11.5 (interquartile range (IQR) 6.3-19.0) years of experience after board certification.
In their practice, these experts diagnosed an estimated 15 (median, IQR 10-25) patients
with delirium per month.
For each patient (at T-1, T1, T2 and T3), a unique couple of two delirium experts was
assigned to classify, independently of each other, each day as either ‘no delirium’,
‘possible delirium’ or ‘delirium’, based on cognitive examination as recorded on
video combined with chart review, using Diagnostic and Statistical Manual of mental
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disorders (DSM–5) criteria26. In addition, the experts independently scored severity of
delirium based on the DRS-R-98 (0- 39, higher values indicates more severe delirium),
and the likelihood of a patient being delirious on a 0-10 numeric rating scale (NRS, 0
meaning ‘not delirious’ and 10 meaning ‘definite delirious’). In case of disagreement
in classification, a third expert was consulted who received all clinical information and
was unaware of the classification of the first two experts. The majority vote of the three
experts was used as final classification. The average of the DRS-R-98 and NRS values of
the two, or in case of disagreement of three, delirium experts were used in the analyses.
The experts were blinded for the EEG recordings.
Other data collection
For all included patients, we recorded age, sex, self-reported alcohol consumption per
week, self-reported history of transient ischemic attack (TIA) or stroke, self-reported preexisting psychiatric disease, as well as type and duration of surgery from the electronic
patient record. Preoperative cognitive deficits were assessed with the mini-mental state
examination (MMSE). For each visit, benzodiazepine-use in the preceding 24 hours was
extracted from the patient record.

SAMPLE SIZE CALCULATION
The sample size was calculated based on a conservatively expected delirium incidence
of 10% during the first three postoperative days27. The minimum acceptable specificity
of a delirium monitor was set on 90%, based on a meta-analysis of previous studies of
the CAM-ICU in a research setting17,28. With a precision of 5% and standard formula for
diagnostic studies, we calculated the required minimum number of patients to be 15429.
STATISTICAL ANALYSIS
Variables were tested for normality using the Kolmogorov-Smirnov test and described as
mean (standard deviation (SD)) or median (IQR) where appropriate. EEG characteristics
were calculated for each delirium classification (i.e., no delirium, possible delirium, and
delirium), and compared using the Kruskal-Wallis test, due to skewed distribution. When
statistically significant differences were found, a post-hoc Mann-Whitney U test was
performed.
In the main analyses, we combined the possible delirium and the delirium groups,
since both were considered to be clinically relevant for timely delirium detection, and
computed a receiver operating characteristic (ROC) curve. Only complete cases (i.e.,
an artifact-free one minute EEG recording and final diagnosis by the delirium experts)
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were included for diagnostic accuracy analysis. The area under the ROC curve (AUROC)
was calculated based on different sensitivity and specificity points with accompanying
95% confidence intervals (CI). With exploratory analyses, the AUROC values of the
above described EEG characteristics were calculated for the three derivations. Inverse
parameter was calculated for relative theta, alpha and beta power (e.g., 1-alpha power),
and peak frequency (e.g., 1/(peak frequency)) for comparison of the AUROC values. The
Delong method was used to assess differences in AUROC of these EEG characteristics
with the relative delta power (1-4 Hz)30.
Spearman’s rho correlation coefficient was calculated between the relative delta power
at Fp2-Pz and the NRS (i.e., likelihood of delirium), the DRS-R-98 score (i.e., severity of
delirium), score of attentional deficits (i.e., item-10 of the DRS-R-98 score, 0 meaning
no-, and 3 indicating severe deficits) and the RASS score (i.e., level of consciousness). For
the EEG algorithm that showed the highest discrimination in the aforementioned AUROC
analyses, we also calculated these correlations.
We repeated the analyses in two a priori defined subgroups: patients with or without
TIA or stroke in medical history, because this can be associated with focal increased
slowing31,32, and patients with or without benzodiazepine administration in the 24 hours
prior to the EEG recording, as this is associated with increased beta activity (13-30 Hz)33.
Additionally, we assessed the discrimination based on assessments of time point T1 only.
To correct for multiple testing, the Benjamini-Hochberg correction34 based on the false
discovery rate, was applied for 24 EEG characteristics (i.e., eight variables for three
bipolar derivations). Analyses were performed in MATLAB (version 2015a) and SPSS
(version 21, SPSS Inc., Chicago, IL). Data were reported according to the standards for
reporting diagnostic accuracy studies35.

RESULTS
STUDY POPULATION AND DELIRIUM ASSESSMENT
In total, 159 patients were included in whom 360 postoperative assessment were
performed (Figure 6.1). In total, 8.6% (15/174) of patients and 8.6% (34/394) of
recordings were not included because of technical difficulties. Table 6.1 shows patients
characteristics. The EEG recordings were in all cases immediately followed by the
video-recorded interview with a standardized cognitive assessment. In 77 (21.4%) of
133
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Patients included n = 196
Excluded:
n = 12
n = 10
n = 15

due to logistical reasons
refused participation after surgery
insufficient quality of EEG recordings

Total study population n = 159

Expected number of postoperative
assessments n = 477
Excluded:
n = 24
n = 26
n = 33
n = 34

discharge of hospital
refused participation on specific day
logistical reasons
inability to select 1 minute artifact-free EEG

Total number of assessments n = 360
Figure 6.1. Flow-chart of included patients and included postoperative assessments.

Table 6.1. Patient characteristics.

All patients (n=159)
Mean age (years)

76.9 (SD 6.2)

Male sex (%)

106 (66.7%)

Alcohol consumption*, n (%)
None
1-14 per week
> 14 per week

60 (37.7%)
70 (44.0%)
24 (15.1%)

Medical history, n (%)
TIA or Stroke
Psychiatric disease

46 (28.9%)
10 (6.3%)

Median MMSE (range)*

28 (18-30)

Surgery type, n (%)
Cardiothoracic or vascular
Orthopedic
Other

139 (87.4%)
12 (7.5%)
8 (5.0%)

Median duration of surgery (min, range)*

171 (26-436)

Values are presented as mean (SD), number (%), or median (range). *We had 5 missing values for alcohol consumption, 41
missing values for MMSE, and 4 missing values for duration of surgery. Psychiatric disease were depression (n=6), (early)
dementia (n=3), and bipolar disease (n=1). Other types of surgery were gastrointestinal (n=4), otorhinolaryngologic (n=3),
urologic (n=1), and general surgery (n=1). MMSE = mini-mental state examination, n = number, SD = standard deviation.
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assessment-days there was no agreement between the first two experts and a third
delirium expert was consulted. In the final classification 43 postoperative assessmentdays (11.9%) were labeled as ‘delirium’, 41 (11.4%) as ‘possible delirium’ and 276 (76.7%)
as ‘no delirium’. This corresponded with 29 (18.2%) patients who were classified as
delirious at least once during follow-up, 26 (16.4%) patients with at most possible
delirium, and 104 (65.4%) patients without any sign of delirium.

VALIDATION OF RELATIVE DELTA POWER IN FP2-PZ
The relative delta power (1-4 Hz) was significantly different over the three groups: no
delirium median 0.44 (IQR 0.32-0.58), possible delirium median 0.64 (IQR 0.48-0.73),
and delirium median 0.67 (IQR 0.55-0.74), p<0.001. The no delirium group had a lower
relative delta power (1-4 Hz) than the possible delirium (p<0.001) and the delirium
groups (p<0.001). Possible delirium and delirium did not differ in relative delta power
(1-4 Hz) (p=0.187), and were grouped. Figure 6.2 shows the ROC curve based on
distinction into no delirium vs. (possible) delirium, and the relative delta power on
Fp2-Pz (AUROC 0.75, 95% CI 0.69-0.81).

6

Figure 6.2. ROC curves of relative delta power (1-4 Hz) and widened relative delta power (1-6 Hz) on deviation Fp2-Pz.
Postoperative assessments were defined positive when classified as either possible delirium (n=41) or delirium (n=43).
Relative delta power (1-4 Hz) AUROC=0.75 (95% CI 0.69-0.81), widened relative delta power (1-6 Hz) AUROC=0.78 (95%
CI 0.72-0.84). AUROC = area under the receiver operating characteristic curve, CI = confidence interval.
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ADDITIONAL EEG ALGORITHMS AND DERIVATIONS
Of various EEG algorithms, the widened relative delta power (1-6 Hz) on Fp2-Pz showed
a statistically significantly higher AUROC value (0.78, 95% CI 0.72-0.84) than the relative
delta power (1-4 Hz) at the same derivation (p=0.014, Figure 6.2). See supplementary
Table S6.1 for the results of all candidate EEG algorithms. Moreover, the differences
compared to baseline (T-1) for relative delta power (1-4 Hz) and widened relative delta
power (1-6 Hz) were calculated. This yielded similar AUROC values as in analyses on
uncorrected EEG parameters (supplementary Table S6.2).
CORRELATION OF EEG PARAMETERS WITH CLINICAL SCORES
The likelihood of delirium (NRS), severity of delirium (DRS-R-98), attentional level
(DRS-R-98 item 10), and level of consciousness (RASS) were all, although statistically
significant, weakly correlated with both the relative delta power (1-4 Hz) and the
widened relative delta power (1-6 Hz), see Table 6.2.
SUBGROUP ANALYSIS
When we stratified according to the presence or absence of a previous TIA or stroke,
there were no major differences in AUROC values for the relative delta power (1-4 Hz) or
the widened relative delta power (1-6 Hz) (supplementary Table S6.3-I). Patients who had
used benzodiazepines in the preceding 24 hours had AUROC values of 0.77 (95% CI 0.680.87) for relative delta power (1-4 Hz) and 0.81 (95% CI 0.72-0.89) for widened relative
delta power (1-6 Hz), whereas patients without benzodiazepines in the previous 24 hours
had AUROC values of 0.74 (95% CI 0.66-0.82) and 0.76 (95% CI 0.68-0.84) for relative delta
power (1-4 Hz) and widened relative delta power (1-6 Hz), respectively (Table S6.3-II).
Table 6.2. Correlation of (widened) relative delta power with the likelihood and severity of delirium, attention and
consciousness level.

Relative delta power(1-4 Hz)
Fp2-Pz

Likelihood of delirium
(NRS)
Severity of delirium
(DRS-R-98)
Attention level
(item 10 of DRS-R-98)
Level of consciousness
(RASS)

Widened relative delta power
(1-6 Hz) Fp2-Pz

Correlation coefficient
(95% CI)

p-value

Correlation coefficient
(95% CI)

p-value

0.33 (0.23-0.42)

<0.001

0.38 (0.28-0.47)

<0.001

0.39 (0.29-0.47)

<0.001

0.44 (0.34-0.53)

<0.001

0.27 (0.17-0.37)

<0.001

0.31 (0.21-0.40)

<0.001

-0.29 (-0.38 - -0.19)

<0.001

-0.30 (-0.40- -0.19)

<0.001

CI = confidence interval, DRS-R-98 = delirium rating scale revised ’98, NRS = numeric rating scale, RASS = Richmond
agitation-sedation scale.
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EFFECT OF REPEATED MEASUREMENTS
To assess the effect of patients being repeatedly assessed in our main analyses, the
AUROC values were recalculated for the relative delta power (1-4 Hz) and widened
relative delta power (1-6 Hz) for assessments on time point T1 only (supplementary
Table S6.4 and Figure S6.1). There was a minor reduction in AUROC values when only T1
assessments were included compared to the main analysis. We did however not conduct
a formal statistical comparison because of the different number of assessments in T1only versus all postoperative assessment-days.

DISCUSSION
MAIN RESULTS
In this study, we used an independent cohort of older postoperative patients to validate
our previous finding that delirium can be detected using relative delta power based on
1-minute of single-channel EEG. We found an AUROC value of 0.75 with the relative
delta power (1-4 Hz), and a statistically significantly higher AUROC value (0.78) when the
widened relative delta power (1-6 Hz) was used. With these algorithms, we found weak
correlations with scores on the likelihood and severity of delirium, inattention, and level
of consciousness.
METHODOLOGICAL CONSIDERATIONS
In the main analysis, ‘possible delirium’ and ‘delirium’ were combined, as in clinical
practice doubtful cases of delirium may represent a prodromal phase in which treating
the underlying cause may prevent progression to delirium. Moreover, ‘possible delirium’
and ‘delirium’ were associated with similar values on a variety of EEG parameters (Table
S6.1), supporting grouping of both entities into one category.
The presented ROC curves were calculated without additional clinical information, since
the EEG-based delirium monitor was developed with the aim to replace current screenings
methods and also be applicable without the need of further clinical characteristics. Since
delirium can be regarded as a condition with a spectrum of different severities, no cut-off
values for EEG parameters were determined. Also for monitoring delirium over the course
of days, a continuous representation seems to be more appropriate.
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Based on previous studies23,36, we investigated several EEG parameters. Other known
EEG characteristics of delirium or encephalopathy, which were not included in the
current study, are spectral variability and complexity37, triphasic waves, and (inter)ictal
epileptiform discharges38–41. The current algorithm could potentially be improved using
some of these features.

STRENGTHS AND LIMITATIONS
Strengths of this investigation include the prospective nature of this multicenter study
with a large sample size. We used a thorough diagnostic work-up. The final diagnosis
was based on the judgment of two or three delirium experts, who evaluated all available
information truly independently. Moreover, the availability of preoperative assessments
facilitated the diagnosis of postoperative delirium. All experts had large experience in
diagnosing delirium.
Several limitations of this study need to be addressed. Firstly, 8.6% of the EEG recordings
had to be excluded for analysis due to technical difficulties. Secondly, the EEG recordings
were performed once a day, which might have resulted in overlooking of periods
of slowing of the EEG. Finally, we analyzed repeated measures of each patient as
independent observations, which could have influenced the results. However, this is
unlikely as restriction to T1 assessments only resulted in similar results as in analysis
on all postoperative recordings.

CLINICAL AND RESEARCH IMPLICATIONS
As the algorithms that we used can be applied real-time, and a brief EEG registration
with three electrodes is easy to perform, our findings suggest that this approach can
be used to monitor delirium by bedside nurses as part of clinical routine. An objective
delirium monitor with a continuous scale instead of a dichotomized outcome would
be a major step forward for both clinical practice and research on delirium. Currently
used tools to estimate delirium have subjective elements and disappointing sensitivity
in routine daily practice19,20, where numerous beside nurses assess delirium at different
time points.
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FUTURE RESEARCH
Before a delirium monitor can be used in clinical or research settings, several steps
should be made. Firstly, the current study is a technical validation of a prototype monitor.
Optimizing feasibility with input from nurses and patients is necessary for successful
implementation. Secondly, diagnostic performance of the algorithm could be further
optimized. This includes the use of different algorithms simultaneously and real-time
automatic artifact-detection and -rejection. Thirdly, the optimal number of recordings
per day should be established. Furthermore, it is not clear to what extent the current
findings can be generalized to other patient populations, such as ICU patients in whom
sedatives are applied, or dementia patients. Both, use of sedatives and dementia, result
in slowing of the EEG33,42, and may therefore interfere with the current algorithm.
CONCLUSION
Delirium can be detected in older postoperative patients based on a brief bipolar EEG
recording. This approach enables objective detection of delirium, providing a continuous
scale instead of a dichotomized outcome.
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0.55 (0.41-0.70)

2.72 (1.58-4.87)

0.13 (0.12-0.16)

Widened delta power
(1-6 Hz)

Slow-fast ratio

1/Peak frequency

1-Relative beta power 0.91 (0.87-0.95)
(13-30 Hz)

0.49 (0.36-0.64)

0.95 (0.92-0.97)

0.84 (0.74-0.90)

1-Relative alpha
power (8-13 Hz)

Widened delta power
(1-5 Hz)

0.92 (0.84-0.95)

0.78 (0.67-0.86)

1-Relative theta
power (4-8 Hz)

0.16 (0.14-0.22)

6.87 (3.39-9.58)

0.78 (0.60-0.82)

0.71 (0.54-0.77)

0.78 (0.69-0.85)

0.64 (0.48-0.73)

0.44 (0.32-0.58)

Relative delta power
(1-4 Hz)

Possible delirium
(n=41)

No delirium
(n=276)

EEG parameter

<0.001a,b

<0.001a,b

<0.001a,b

<0.001a, b

0.292

<0.001a,b

Comparison
between groups
p-value

0.19 (0.14-0.24)

<0.001a,b

8.20 (4.58-13.65) <0.001a,b

0.82 (0.66-0.86)

0.75 (0.61-0.81)

0.96 (0.93-0.98)

0.93 (0.89-0.96)

0.81 (0.73-0.87)

0.67 (0.55-0.74)

Delirium
(n=43)

0.72 (0.66-0.79)

0.76 (0.71-0.82)

0.78 (0.72-0.84)

0.77 (0.71-0.83)

0.74 (0.67-0.80)

0.75 (0.69-0.81)

0.55 (0.48-0.62)

0.75 (0.69-0.81)

AUROC (95% CI)

0.350

0.624

0.014*

0.006*

0.617

0.800

<0.001*

Reference

Comparison
AUROC values
Delong Method
p-value

Chapter 6

SUPPLEMENTARY MATERIAL

Table S6.1. Median values with interquartile ranges on various EEG parameters with accompanying AUROC values
according to the presence of (possible) delirium.

Fp2-Pz

T8-Pz

0.47 (0.35-0.62)

2.13 (1.11-4.20)

0.13 (0.12-0.16)

Widened delta power
(1-6 Hz)

Slow-fast ratio

1/Peak frequency

1-Relative beta power 0.92 (0.89-0.95)
(13-30 Hz)

0.41 (0.30-0.53)

0.96 (0.94-0.98)

0.78 (0.67-0.86)

1-Relative alpha
power (8-13 Hz)

Widened delta power
(1-5 Hz)

0.89 (0.83-0.94)

0.74 (0.64-0.82)

1-Relative theta
power (4-8 Hz)

0.15 (0.13-0.19)

5.67 (3.54-9.52)

0.72 (0.61-0.79)

0.62 (0.53-0.71)

0.73 (0.65-0.82)

0.55 (0.44-0.66)

0.37 (0.25-0.48)

Relative delta power
(1-4 Hz)

Possible delirium
(n=37)

No delirium
(n=252)

EEG parameter

0.192
0.089

0.80 (0.73-0.86)
0.69 (0.63-0.76)

7.70 (4.27-13.45) <0.001a,b
0.19 (0.13-0.24)

<0.001a,b

0.099

0.80 (0.74-0.86)

<0.001a,b

0.77 (0.65-0.87)

0.099

0.80 (0.73-0.86)

<0.001a,b,c

0.70 (0.60-0.81)

0.228

0.80 (0.74-0.86)

<0.001a,b

0.97 (0.95-0.98)

0.418

<0.001a,b

0.91 (0.87-0.95)

0.19

0.78 (0.72-0.84)

0.239

0.80 (0.67-0.84)

0.79 (0.72-0.85)

Comparison
AUROC values
Delong Method
p-value

<0.001*

<0.001a,b

0.64 (0.53-0.73)

AUROC (95% CI)

0.55 (0.48-0.63)

Comparison
between groups
p-value

Delirium
(n=38)
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Table S6.1 (continued). Median values with interquartile ranges on various EEG parameters with accompanying AUROC
values according to the presence of (possible) delirium.
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Fp2-T8

2.69 (1.38-4.99)

0.14 (0.12-0.20)

Slow-fast ratio

1/Peak frequency
0.19 (0.14-0.23)

4.77 (2.30-7.89)

0.74 (0.59-0.84)

0.74 (0.59-0.84)

0.79 (0.74-0.86)

0.21 (0.14-0.22)

4.81 (2.74-9.29)

0.73 (0.60-0.83)

0.73 (0.60-0.83)

0.91 (0.84-0.95)

0.93 (0.88-0.95)

0.81 (0.74-0.86)

0.64 (0.51-0.72)

Delirium
(n=38)

<0.001a,b

<0.001a,b

<0.001a,b

<0.001a,b

<0.001a,b

<0.001a,b

0.653

<0.001a,b

Comparison
between groups
p-value

0.67 (0.61-0.73)

0.67 (0.61-0.74)

0.67 (0.61-0.74)

0.66 (0.60-0.73)

0.66 (0.58-0.73)

0.65 (0.58-0.72)

0.47 (0.40-0.54)

0.65 (0.58-0.72)

AUROC (95% CI)

0.007*

<0.001*

<0.001*

<0.001*

<0.001*

<0.001*

<0.001*

<0.001*

Comparison
AUROC values
Delong Method
p-value

Post-hoc analyses were performed when significant after Benjamini-Hochberg correction for 24 explorative EEG characteristics. AUROC is calculated between
no delirium cases and (possible) delirious cases. a significantly different between no delirium and possible delirium, b significantly different between no delirium
and delirium, c significant different between possible delirium and delirium, n = number of postoperative assessments, CI = confidence interval, EEG = electroencephalography, AUROC = area under receiver operating characteristic curve. *Significantly different from reference using Delong method p-values after
Benjamini-Hochberg correction.

0.60 (0.46-0.74)

Widened delta power
(1-6 Hz)

1-Relative beta power 0.87 (0.80-0.93)
(13-30 Hz)

0.55 (0.42-0.70)

0.93 (0.87-0.95)

0.88 (0.81-0.93)

1-Relative alpha
power (8-13 Hz)

Widened delta power
(1-5 Hz)

0.92 (0.86-0.95)

0.82 (0.74-0.87)

1-Relative theta
power (4-8 Hz)

0.63 (0.42-0.74)

0.51 (0.37-0.65)

Relative delta power
(1-4 Hz)

Possible delirium
(n=37)

No delirium
(n=252)

EEG parameter

Chapter 6

Table S6.1 (continued). Median values with interquartile ranges on various EEG parameters with accompanying AUROC
values according to the presence of (possible) delirium.

0.42 (0.29-0.56)

0.03 (-0.13-0.15)

0.52 (0.38-0.66)

0.06 (-0.10-0.20)

Relative delta power (1-4
Hz)

Δ Relative delta power (1-4
Hz) compared to T-1

Widened relative delta
power (1-6 Hz)

Δ Widened relative delta
power (1-6 Hz) compared
to T-1
0.28 (0.06-0.40)

0.78 (0.60-0.82)

0.24 (0.03-0.37)

0.64 (0.47-0.73)

Possible delirium
(n=36)

Comparison
between groups
(p-value)
<0.001a,b

<0.001a,b

<0.001a,b

<0.001a,b

Delirium
(n=36)

0.68 (0.58-0.76)

0.29 (0.09-0.41)

0.82 (0.68-0.87)

0.34 (0.13-0.46)

Comparison
ROC curves
with Delong
Method p-value
Reference

0.245

Reference

0.149

AUROC (95% CI)

0.79 (0.73-0.85)

0.75 (0.69-0.82)

0.82 (0.76-0.88)

0.77 (0.71-0.84)

Post-hoc analyses were performed when significant between overall comparison. a significant difference between possible delirium and no delirium, b significant
difference between delirium and no delirium, AUROC = area under the receiver operating characteristic curve, CI = confidence interval.

No delirium
(n=219)

Measure

Delirium detection based on a brief, single-channel quantitative electroencephalography recording in older
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Table S6.2. Absolute difference in relative delta power (1-4 Hz) and widened relative delta power (1-6 Hz) compared to
the patient’s baseline values.
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Table S6.3-I. Subgroup analysis with or without TIA or stroke in medical history.

No TIA/Stroke in medical history

TIA/Stroke in medical history

Number of positive
assessments

56

28

Number of negative
assessments

208

68

AUROC relative delta
power (1-4 Hz) Fp2-Pz

0.75 (95% CI 0.68-0.82)

0.75 (95% CI 0.64-0.86)

AUROC widened relative
delta power (1-6 Hz) Fp2-Pz

0.78 (95% CI 0.71-0.85)

0.77 (95% CI 0.67-0.87)

AUROC = area under the receiver operating characteristic curve, CI = confidence interval, TIA = transient ischemic attack.

Table S6.3-II. Subgroup analysis benzodiazepine versus no benzodiazepine administration in last 24 hours.

No benzodiazepines in <24h

Benzodiazepines <24h

Number of positive
assessments

50

34

Number of negative
assessments

210

66

AUROC relative delta
power (1-4 Hz) Fp2-Pz

0.74 (95% CI 0.66-0.82)

0.77 (95% CI 0.68-0.87)

AUROC widened relative
delta power (1-6 Hz) Fp2-Pz

0.76 (95% CI 0.68-0.84)

0.81 (95% CI 0.72-0.89)

AUROC = area under the receiver operating characteristic curve, CI = confidence interval.
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Table S6.4. Effect of repeated measures.

All postoperative assessments

T1 assessments

# positive assessments

84

43

# negative assessments

276

96

AUROC relative delta power
(1-4 Hz) Fp2-Pz

0.75 (95% CI 0.69-0.81)

0.72 (95% CI 0.62-0.81)

AUROC widened relative
delta power (1-6 Hz) Fp2-Pz

0.78 (95% CI 0.72-0.84)

0.75 (95% CI 0.66-0.84)

AUROC = area under the receiver operating characteristic curve, CI = confidence interval.

6

Figure S6.1. Receiver operating characteristic (ROC) curves of (left) relative delta power (1-4 Hz) and (right) widened
relative delta power (1-6 Hz) related to final delirium classification for all postoperative assessment-days and T1 (day 1)
only.
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ABSTRACT
BACKGROUND: Early detection of delirium enables early interventions and improves
outcome of the patients. The aim of the current study was to assess whether one-minute,
single-channel quantitative electroencephalography (EEG) can predict delirium the next
day.
METHODS: Older postoperative patients were daily visited (first to third day after surgery)
for a bipolar EEG recording and a video-taped, standardized cognitive assessment. Delirium
was diagnosed by delirium experts, who evaluated the video recordings and accompanying
patient record. Relative delta power (1-4 Hz) and widened relative delta power (1-6 Hz)
were calculated based on one-minute EEG. EEG parameters of the current day were
compared between delirious and non-delirious patients on the next day. Logistic regression
analysis including age and duration of surgery (model 1), EEG parameters only (model
2), and combination of model 1 and model 2 (model 3) were performed to assess the
predictive ability of delirium the next day.
RESULTS: Significantly higher relative delta power was found in patients who were
delirious the next day (n=11) compared to non-delirious patients (n=153), (1-4 Hz;
p=0.035, 1-6 Hz; p=0.033). The logistic regression analyses showed area under
the receiving operating characteristic curve (AUROC) values of model 1; 0.56 (95%
confidence interval (CI) 0.55-0.84), model 2; 0.69 (95% CI 0.55-0.84), model 3; 0.70
(95% CI 0.56-0.84). Model 3 resulted in a significant higher AUROC compared to model 1
(p=0.036).
CONCLUSIONS: This is the first study showing the ability to predict delirium the next day
based on a simple EEG recording.
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INTRODUCTION
Delirium is a serious health care problem occurring frequently in elderly1–3 and critically
ill patients4–6. Severe outcomes of delirious patients concern prolonged intensive care
unit (ICU) and hospital stay, higher mortality, and long-term cognitive problems1–6. Early
recognition or prediction of delirium is essential for early interventions, particularly early
treatment of causes of delirium, which can improve outcome7–9.
Currently available screening methods, such as the confusion assessment method (CAM)
and for ICU patients (CAM-ICU), were shown to have high sensitivity and specificity in
research setting10,11. However, in daily clinical practice these tools were less sensitive,
resulting in missed cases of delirium12,13. Therefore, an objective and simple method for
delirium detection is needed, to enable interventions for early treatment of delirium.
Quantitative electroencephalography (EEG) with three electrodes and one minute
recording was shown to be able to recognize delirium in postoperative older patients14.
Patients with delirium were found to have increased relative delta power (i.e., frequencies
between 1 and 4 Hz) compared to non-delirious patients as defined by delirium experts
according to the Diagnostic and Statistical Manual fifth edition (DSM-5) criteria15.
Detection prior to the occurrence of clinical symptoms of delirium would be optimal,
as timely prediction of delirium may facilitate an early window for prevention or early
interventions. A previous study showed that in ICU patients with sepsis, delirium in the
following days could be predicted based on EEG recordings16. Therefore, the aim of the
current study was to assess whether increased relative delta power recorded with EEG
could predict the diagnosis of delirium the next day.

METHODS
DESIGN, SETTING AND POPULATION
Data was collected as part of the prospective, multicenter observational study
entitled ‘Validation of an EEG-based delirium monitor’ (ClinicalTrials.gov identifier:
NCT02404181), approved by the medical ethical committee of the University Medical
Center Utrecht (UMC Utrecht). In short, patients scheduled for major surgery in UMC
Utrecht, Radboud University Medical Center Nijmegen or the non-academic teaching
hospital Isala in Zwolle, were included after written informed consent.
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Criteria for inclusion were an age of 60 years or older, being scheduled for major surgery,
an expected postoperative stay of at least 2 days, and at risk for delirium. Delirium risk
was defined as having at least one of the following criteria: aged ≥ 75 years, medical
history of a transient ischemic attack (TIA), stroke, depression, dementia, alcohol abuse,
cognitive problems, severe cardiac or respiratory disease, or a previous episode of
delirium1. Exclusion criteria were neurological surgery, inability to perform cognitive tests
due to language barrier, or inability to perform a recording with the EEG-based delirium
monitor.

DATA COLLECTION
EEG recording and processing
Patients were visited preoperatively (T-1) and postoperatively on all three consecutive
days after surgery (T1, T2, and T3) or until discharge, whichever came first. The patients
were not visited on the day of their surgery, because of the possible remaining effect of
anesthetics during surgery on the EEG. The visiting researcher performed a 7-minute
EEG recording with Ag/AgCl electrodes positioned on Fp2, T8, Pz, and ground electrode
at FPz according to the international 10-20 system. The EEG recording with a sample
frequency of 512 Hz was performed using a MobiMini-system (TMSi, Oldenzaal, the
Netherlands). Patients were instructed to relax and have their eyes open during the first
two minutes, thereafter they were instructed to keep their eyes closed.
Of each recording, the first 60 seconds without major artifacts were selected by a
researcher of the eyes closed segment. Data was filtered with a notch filter to remove
50 Hz components and its harmonics, followed by an infinite impulse response (IIR) to
remove the drift in the signal (i.e., frequencies below 0.15 Hz), and finally it was filtered
with a combination of IIR and a finite impulse response filter to correct for differences
between the current used system and the system used in the proof of concept study14.
Based on the Fp2-Pz selected segment, the relative delta power (i.e., the amount of
frequencies between 1 and 4 Hz) and widened relative delta power (1-6 Hz) were
calculated, as the ratio between the absolute power (i.e., the recorded power between
1-4 Hz and 1-6 Hz, respectively) divided by the total power between 1 and 30 Hz. The
relative powers were calculated to eliminate differences in signal strength between
subjects. Relative delta power (1-4 Hz) was found to distinguish delirium from nondelirium in the proof of concept study14. The widened relative delta power (1-6 Hz)
has previously been shown as currently best parameter to distinguish delirium from
non-delirium.
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Delirium diagnosis
After the EEG recording, a standardized cognitive test was performed by the visiting
researcher and recorded on video. This cognitive test was based on the severity items
of the Dutch version of the delirium rating scale – revised in 1998 (DRS-R-98)17, which
consists of 13 items, and the confusion assessment method for ICU (CAM-ICU)11,17,18.
Delirium experts (n=38: n=17 geriatricians, n=4 neurologists, n=15 psychiatrists, n=1
psychologist, and n=1 nurse-scientist; years of experience: median 11.5 (interquartile
range (IQR) 6.3-19.0); number of delirious patients per month in regular clinical
care: median 15 (IQR 10-25)) assessed all the four videos in different couples with
accompanying description of the patient record (T-1, T1, T2 and T3) of ten to fifteen
patients per expert. Patients were randomly assigned to two experts who diagnosed
patients as delirious, possible delirious or non-delirious independently of each other.
The two diagnoses were compared, in case of disagreement a third expert was consulted.
This third expert did not receive the diagnosis of the first two experts, but did know
that there was no agreement in diagnosis. Final classification was based on the median
score of the two or three experts. Possible delirium and delirium diagnosis were combined
into the delirium group, since both entities may be clinically relevant to detect, and
compared to the non-delirious cases. In the main study, 196 patients were included. For
the current study, we selected the patients who were non-delirious on day X and had a
delirium diagnosis on the next day (day X+1).
The following patient characteristics were collected preoperatively: age, sex, alcohol
consumption per week, history of transient ischemic attack (TIA) or stroke, pre-existing
psychiatric disease, mini-mental state examination (MMSE) to assess preoperative
cognitive deficits, type of surgery, and duration of the surgical procedure.

7

STATISTICAL ANALYSIS
Continuous patient characteristics and EEG variables were tested for a normal
distribution and reported as mean with standard deviation (SD) when normally
distributed, or median (interquartile range (IQR)) in case of a skewed distribution,
unless otherwise stated. Categorical variables were described as numbers (%).
We compared the EEG parameters recorded on the current day (day X) with the
delirium diagnoses (i.e., delirium or non-delirium), on the next day (day X+1), using
Mann Whitney U test, because of the deviation from a normal distribution for the
EEG parameters.
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To assess whether the relative delta power (1-4 Hz) of a non-delirious day, could predict
delirium the next day, logistic regression analyses was performed. First, model 1 was
based on age and duration of surgery only, as model for currently available, easily
assessable, clinical information. Due to the limited number of patients with delirium,
only two clinical parameters were included in this model. Moreover, other important
preoperative risk factors for delirium, such as cognitive impairment, dementia and
alcohol misuse1, were not sufficiently collected in the current study and therefore not
included. Secondly, a logistic regression analysis based on either relative delta power
(1-4 Hz) or widened relative delta power (1-6 Hz) was performed (model 2). Finally, to
assess additional information of EEG parameters to clinical variables, we performed
logistic regression analysis including both, EEG parameters, age and duration of surgery
(model 3). We repeated these analyses for the widened relative delta power (1-6 Hz),
since this variable was found to best distinguish delirium from non-delirium in the
validation study of the EEG-based delirium monitor.
For all models we assessed predictive performance in terms of discrimination and
calibration. Based on the predicted probabilities a receiver operating characteristic
(ROC) curve was created and the accompanying area under the ROC curve (AUROC) with
95% confidence interval (CI) was calculated. The ROC curves were compared with the
ROC curve of model 1 (clinical parameters) as reference using the Delong method19.
To assess the calibration of each model the Hosmer-Lemeshow statistic was calculated
based on deciles.
Finally, to assess whether including the repeated measures in the same individuals as
independent observations have influenced the results, we repeated the analyses for
all three models with only one measure per patient as sensitivity analysis: the EEG
recordings of day 1 and delirium diagnosis of day 2 after surgery. Statistical significance
was defined as p<0.05. Analyses were performed in MATLAB (Version 2015a, The
MathWorks, Inc.) and IBM SPSS Statistics (Version 21, SPSS Inc., Chicago, IL).

RESULTS
POPULATION AND DELIRIUM ASSESSMENTS
Of 196 included patients in the main analysis, of whom 25 patients were excluded
for analysis due to logistical reasons (e.g., surgery was canceled, refusal of further

154

Predicting delirium with a single-channel EEG recording
Table 7.1. Characteristics of all patients.

Never delirious during Ever delirious during p-value
follow-up (n=99)
follow-up (n=11)
Mean age ± SD (years)

76.3 ± 6.5

77.9 ± 7.9

0.45

Male sex, n (%)

70 (70.7)

7 (63.6)

0.63

Alcohol consumption*, n (%)
None
1-14 per week
> 14 per week

36 (36.4)
42 (42.4)
19 (19.2)

4 (36.4)
5 (45.5)
2 (18.2)

Medical history, n (%)
TIA or Stroke
Psychiatric disease

26 (26.3)
5 (5.1)

2 (18.2)
1 (9.1)

0.73
0.48

Median MMSE (min-max)*

29 (18-30)

29 (26-30)

0.73

Surgery type, n (%)
Cardiothoracic or vascular
Orthopedic
Other

87 (87.9)
8 (8.1)
4 (4.0)

9 (91.8)
1 (9.1)
1 (9.1)

Median duration of surgery (minutes, min-max)

159 (107-213)

181 (120-227)

1.00

0.56

0.36

Values are presented as mean ± SD, frequency (%), or median (minimum-maximum). The variables between patients who were
never delirious and ever delirious during follow-up were compared; t-test for mean age, Mann Whitney U test for MMSE and
duration of surgery, chi-square for sex, and Fisher exact test for the remaining categorical variables. Surgery type other was
otorhinolaryngologic (n=2), gastrointestinal (n=1), and general surgery (n=1) for never delirious group and otorhinolaryngologic
(n=1) for ever delirious group. *Missing values; alcohol consumption 2 missings and MMSE 22 missing in the never delirious
group, 1 MMSE missing in the delirious group. MMSE = mini-mental state examination, n = number, SD = standard deviation.
Table 7.2. Characteristics of all transitions from non-delirium to delirium or non-delirium the next day.

Non-delirious the
next day (n=153)

Delirious the next
day (n=11)

p-value

Mean age ± SD (years)

76.6 ± 6.5

77.9 ± 7.9

0.54

Male sex, n (%)

111 (72.5)

7 (63.6)

0.53

Alcohol consumption*, n (%)
None
1-14 per week
> 14 per week

55 (35.9)
65 (42.5)
31 (20.3)

4 (36.4)
5 (45.5)
2 (18.2)

Medical history, n (%)
TIA or Stroke
Psychiatric disease

39 (25.5)
9 (5.9)

2 (18.2)
1 (9.1)

0.73
0.51

Median MMSE (min-max)*

29 (18-30)

29 (26-30)

0.73

Surgery type, n (%)
Cardiothoracic or vascular
Orthopedic
Other

135 (88.2)
13 (8.5)
5 (3.3)

9 (81.8)
1 (9.1)
1 (9.1)

Median duration of surgery (minutes, min-max)

159 (107-208)

181 (120-227)

1.00

0.38

0.29

Values are presented as mean ± SD, frequency (%), or median (minimum-maximum). Variables were compared between nondelirious or delirious the next day; t-test for age, Mann Whitney U test for MMSE and duration of surgery, chi-square for sex, and
Fisher exact test for the remaining categorical variables. Surgery type other was otorhinolaryngologic (n=2), gastrointestinal
(n=1), and general surgery (n=1) for non-delirious the next day group and otorhinolaryngologic (n=1) for delirious the next day
group. *Missing values; alcohol consumption 2 missings and MMSE 31 missing in the non-delirious the next day group, 1 MMSE
missing in the delirious the next day group. MMSE = mini-mental state examination, n = number, SD = standard deviation.
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participation, insufficient quality of EEG recording). In addition, 20 patients were
excluded since they only completed one postoperative assessment and three patients
were excluded because no assessment was performed on the second day after surgery
(T2), therefore, it was not possible to compare current day diagnosis with preceding
day EEG recording. Finally, twelve patients were excluded because of insufficient EEG
recordings within the transition of interest. The study population therefore consisted of
110 patients, 77 (70%) male, and mean age 76.5 ± 6.6 years, with 164 accompanying
transitions, from which 11 (6.7%) were non-delirious to delirious the next day. In Table
7.1 the patients’ characteristics are presented. The characteristics of the transitions
were shown in Table 7.2. No differences were found between patients or between the
characteristics of the transitions. Most delirium cases included in this analysis were
diagnosed on day T2 (n=8) versus day T3 (n=3).

EEG PARAMETERS
The EEG parameters (relative delta power (1-4 Hz) and widened relative delta power
(1-6 Hz)) recorded on day X were compared between the patients who were classified as
delirious the next day (n=11) and patients who were classified as non-delirious (n=153),
see Figure 7.1. Relative delta power (1-4 Hz) and widened relative delta power (1-6 Hz)
were significantly increased in patients who were diagnosed as delirious the next day
(day X+1), compared to patients who were not delirious on the next day (p=0.035 and
p=0.033, respectively).

EEG parameter recorded on day X

0.80

0.60

0.40

0.20

0.00

EEG parameter recorded on day X
1.00

p = 0.035
Widened relative delta power (1-6 Hz)

Relative delta power (1-4 Hz)

1.00

No delirium
on next day (X+1)

Delirium
on next day (X+1)

p = 0.033

0.80

0.60

0.40

0.20

0.00

No delirium
on next day (X+1)

Delirium
on next day (X+1)

Figure 7.1. Relative delta power (1-4 Hz, left) and widened relative delta power (1-6 Hz, right) recorded on day X in
patients diagnosed as no delirium (n=153) or delirium (n=11) on the next day (day X+1).
P-values are presented in the Figures.
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PREDICTION OF DELIRIUM THE NEXT DAY
First, the predictive ability of easily assessable, clinical variables (i.e., age and duration
of surgery) was evaluated (model 1), Table 7.3. The corresponding AUROC curve was
presented in Figure 7.2, AUROC value was 0.56 (95% CI 0.42-0.70). Secondly, model 2
based on EEG parameters only was assessed. Model 2 showed an odds ratio of 1.48
(95% CI 1.01-2.15) for relative delta power (1-4 Hz) and 1.52 (95% CI 1.03-2.24) for the
widened relative delta power (1-6 Hz). Thus, both EEG parameters were associated with
the diagnosis of delirium the next day. The accompanying AUROC values were 0.69 (95%
CI 0.56-0.83) and 0.69 (95% CI 0.55-0.84) for relative delta power (1-4 Hz) and widened
relative delta power (1-6 Hz), see Figure 7.2.
Model 3, including the EEG parameter and clinical parameters, showed and odds ratio of
1.46 (95% CI 1.00-2.15) for the relative delta power (1-4 Hz), which was not significantly
associated (p=0.051) with the delirium diagnosis the next day. The widened relative delta
power (1-6 Hz) in model 3 was significantly associated with the diagnosis the next day (OR
1.50 (95% CI 1.01-2.24), p=0.046). The accompanying AUROC was 0.70 (95% CI 0.560.84), see Figure 7.2.
Table 7.3. Logistic regression models for prediction of delirium diagnosis the next day.

Variables

OR (95% CI)

p-value

Model 1 (clinical parameters only)
Age
Duration of surgery

1.05 (0.95-1.16)
1.04 (0.96-1.13)

OR (95% CI)

p-value

Model 1 (clinical parameters only)
0.379
0.342

Model 2 (EEG parameter only)
Relative delta power 1.48 (1.01-2.15)
(1-4 Hz)

Variables

Age
Duration of surgery

1.05 (0.95-1.16)
1.04 (0.96-1.13)

0.379
0.342

Model 2 (EEG parameter only)
0.041*

Widened relative
1.52 (1.03-2.24)
delta power (1-6 Hz)

0.037*

Model 3 (EEG parameter and clinical parameters)

Model 3 (EEG parameter and clinical parameters)

Relative delta power 1.46 (1.00-2.15)
(1-4 Hz)
Age
1.04 (0.94-1.16)
Duration of surgery 1.04 (0.95-1.13)

1.50 (1.01-2.24)
Widened relative
delta power (1-6 Hz)
Age
1.05 (0.94-1.17)
Duration of surgery 1.03 (0.94-1.13)

0.051
0.451
0.440

0.046*
0.426
0.501

Model 2 and model 3 were separately presented for relative delta power (1-4 Hz, left) and widened relative delta power
(1-6 Hz, right). Model 1 was presented in both columns. EEG parameters were included in the models with steps of 0.10
(for example the odds on having delirium the next day is 1.48 higher when a patients has a relative delta power of 0.60
compared to a relative delta power of 0.50), duration of surgery was included per 10 minutes, and age was included
per year. Hosmer and Lemeshow test was not significant for all models (p>0.05). *Significant, p<0.05. CI = confidence
interval, OR = odds ratio.
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Figure 7.2. ROC curves of the three models predicting delirium the next day.
Model 1 on upper panels; clinical parameters only (age and duration of surgery), note that ROC curve of model 1 is
presented in both columns. Model 2 on middle panels; EEG parameters only. Model 3 on the lower panels; combination
of model 1 and 2: clinical parameters and EEG parameters. The AUROC values Model 3 with relative delta power (1-4
Hz, left panels) and widened relative delta power (1-6 Hz, right panels) were significantly higher compared to model
1 according to Delong method (p=0.041 and p=0.036, respectively). AUROC = area under the receiver operating
characteristic curve, CI = confidence interval.
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Using Delong method to assess the improvement of the ROC curves compared to model 1,
as currently available clinical information, we found significant improvement in model 3,
for both relative delta power (1-4 Hz, p=0.041) and widened relative delta power (1-6 Hz,
p=0.036). The ROC curves of model 2 based on EEG parameters only, were not significantly
higher than model 1.
As sensitivity analysis for the effect of repeated measures, we repeated the logistic
regression analyses. Results were based on 80 independent cases with a non-delirious
classification the next day and 8 delirium cases the next day. Data are presented in
supplementary Table S7.1 and Figure S7.1. Model 2 and model 3, based on 1 transition
day only, showed significant association between both EEG parameters and the diagnosis
of delirium the next day. Moreover, the resulting AUROC values were significantly higher
compared to model 1.

DISCUSSION
In this multicenter study we found that one minute of a single-channel quantitative EEG
recording could predict delirium the next day. In addition, EEG parameters significantly
improved the prediction of next day delirium compared to clinical characteristics only.
Delirium can be diagnosed based on the Diagnostic and Statistical Manual of mental
disorders (DSM)-515 by an expert. However, in daily clinical practice delirium screening
is performed by clinical nurses, based on one of the several available screening tools.
Although diagnosis is a dichotomous outcome variable, there is a broad range of severity
in delirium, for example based on the DRS-R-9817,20, and difference in motor subtype
(i.e., hyperactive, hypoactive, and mixed type)21,22. Therefore, delirium may be seen as a
spectrum23, with the possibility to detect delirium in an early stage, possible prior to the
fulfilling of all symptoms according to DSM-5 criteria or the definitions by screening tools.
However, this is not possible with the current screening tools. Since EEG changes,
especially increase in delta and theta activity, are related to diagnosis of delirium14,24,25,
the onset of delirium prior to full syndrome, may also show slowing of the EEG. The
results of our study showed an increase of relative delta power and widened relative
delta power one day before the diagnosis of delirium by experts, which suggest an
opportunity to detect delirium before the onset of the full syndrome enabling early
treatment or prevention steps for these patients. However, the discriminative ability of
the EEG parameters only to predict delirium the next day was moderate.
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To assess the ability to predict delirium the next day based on clinical parameters only,
we included age and duration of surgery, as these variables were previously described
as risk factors for delirium1,26–29. In the current study, other preoperative risks factors
for delirium, such as cognitive impairment and alcohol misuse1, were not sufficiently
collected and therefore not included in the model. Moreover, based on the relative low
number of delirium cases only age and duration of surgery were included in the clinical
parameter model. The low AUROC value of the clinical model (model 1: AUROC of 0.56)
indicates that age and duration of surgery are not reliable predictors for delirium in
this study population. This was not expected based on previous results, were age is
one of the important variables predicting delirium1. However, these clinical parameters
predict delirium after surgery instead of a day-to-day prediction. The clinical model
could have benefitted when precipitating risk factors for delirium, such as administration
of medication, infection, or immobilization, were included27, however, these were not
collected. Model 3 based on clinical parameters and the widened relative delta power
(1-6 Hz), showed significantly better discriminative values compared to the model of
clinical parameters only. Model 2, based on EEG parameters only did not had a significant
higher AUROC, although the AUROC was moderate (0.69) compared to the poor AUROC
of model 1 (0.56). This suggests that the EEG findings describe different aspects of
the risk on delirium, because there was no difference between model 2 (i.e., only EEG
parameters) and model 3 (i.e., EEG parameters and clinical parameters) when comparing
the AUROC values.
Currently available prediction models for delirium are based on patient characteristics,
such as age, hearing impairment or previous delirium, and daily clinical parameters, such
as administered benzodiazepines and blood levels30–32, which are known to be risk factors
for delirium1. In the current study, we measured the brain activity before the delirium
diagnosis, which may be the ongoing process of the encephalopathy. Therefore, the
suggested single-channel EEG recording may improve day-to-day delirium prediction in
clinical practice in combination with already existing risk prediction models for delirium,
however, this should be confirmed in a study collecting all clinical parameters.
The strengths of the current study include high quality of delirium diagnosis by two or
three experts based on comprehensive cognitive assessment and multicenter nature of
the study. Moreover, this is the first study using EEG in day-to-day prediction of delirium
in postoperative elderly patients. This study also has several limitations which need to be
addressed. First, the EEG recording and cognitive assessment were performed once a day
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due to logistical reasons. This may have resulted in missed cases due to the fluctuating
course of delirium, however, providing the information of the patient record should have
reduced the missed number of delirium cases. Secondly, the number of positive cases
was relatively small (n=11) and included both possible delirium and delirium diagnosis.
This limited the number of variables which could be included in the logistic regression
models, and therefore could have negatively affected the results. Finally, repeated
measures were included as independent observations. The effect of this clustering of the
data was assessed by a sensitivity analysis, repeating the logistic regression analysis based
on one day only (i.e., EEG recording of T1, first day after surgery and delirium diagnosis
on T2, second day after surgery). The resulting AUROC values were higher compared
to the main analysis, although not statistically compared. This suggests that including
two transitions of one patient in the main analysis as independent observations did not
overestimate the predictive ability of the EEG parameters.
Single-channel EEG was shown to be promising in diagnosing delirium14. Moreover,
the results of the current study suggest that a single-channel EEG recording could also
predict delirium in postoperative older patients. However, the predictive ability should
be studied in a larger study population, to increase the number of delirious cases.
Moreover, the EEG-recording could start during surgery or directly after surgery for
an earlier prediction. For clinical purposes, it would be interesting to repeat this study
in geriatric ward patients or ICU patients, because of the high incidence of delirium.
Moreover, future studies should evaluate the effects of used sedatives and cognitive
problems such as dementia on the EEG parameters, since these also result in slowing
of the EEG33,34. This may hamper prediction of delirium based on a single-channel EEG.
Finally, although logistical difficult, recording continuous EEG together with multiple
delirium assessments per day, would give more insight in the relation between course
of delirium (i.e., from the prodromal phase toward the recovery of delirium) and EEG
fluctuations.

CONCLUSION
This is the first study showing that it is possible to predict delirium the next day based on
a one channel EEG recording in older postoperative patients. Prediction of delirium one
day ahead based on the one channel EEG recording in combination with already available
prediction models, should enable early intervention and may improve clinical outcome of
these patients.
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SUPPLEMENTARY MATERIAL
Table S7.1. Repeated logistic regression models for prediction of delirium diagnosis the next day, T1 to T2 transition
only.

Variables

OR (95% CI)

p-value

Model 1 (clinical parameters only)
Age
Duration of surgery

1.00 (0.89-1.13)
1.05 (0.95-1.15)

OR (95% CI)

p-value

Model 1 (clinical parameters only)
0.984
0.369

Model 2 (EEG parameter only)
Relative delta power 1.84 (1.10-3.09)
(1-4 Hz)

Variables

Age
Duration of surgery

1.00 (0.89-1.13)
1.05 (0.95-1.15)

0.984
0.369

Model 2 (EEG parameter only)
0.021*

Widened relative
1.97 (1.07-3.01)
delta power (1-6 Hz)

0.027*

Model 3 (EEG parameter and clinical parameters)

Model 3 (EEG parameter and clinical parameters)

Relative delta power 1.81 (1.08-3.05)
(1-4 Hz)
Age
0.99 (0.86-1.13)
Duration of surgery 1.02 (0.92-1.14)

1.76 (1.04-2.98)
Widened relative
delta power (1-6 Hz)
Age
0.99 (0.87-1.14)
Duration of surgery 1.02 (0.91-1.13)

0.025*
0.834
0.696

0.035*
0.898
0.760

Model 2 and model 3 were separately presented for relative delta power (1-4 Hz, left) and widened relative delta power
(1-6 Hz, right). Model 1 was presented in both columns. EEG parameters were included in the models with steps of 0.10,
duration of surgery was included per 10 minutes, and age was included per year. Hosmer and Lemeshow test was not
significant for all models (p>0.05). *Significant, p<0.05. CI = confidence interval, OR = odds ratio.
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Figure S7.1. The ROC curves with accompanying AUROC values for the prediction models 1, 2, and 3 without repeated
measures.
Model 1; clinical parameters only (age and duration of surgery), note that ROC curve of model 1 is presented twice. Model
2; EEG parameters only (left, relative delta power (1-4 Hz), right, widened relative delta power (1-6 Hz)). Model 3; model
1 and model 2 combined (left, relative delta power (1-4 Hz), right, widened relative delta power (1-6 Hz)). AUROC values
were compared to model 1 using Delong method: Model 2 relative delta power, p=0.005 and widened relative delta
power, p=0.014. Model 3 relative delta power, p=0.006 and widened relative delta power, p=0.011.
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SUMMARY
Delirium is a serious health care problem, which is characterized by an acute disturbance of
cognition and attention which fluctuates during the day. The pathophysiology of delirium
is not fully understood and the diagnosis of delirium can be difficult, which leads to under
detection of delirium. In the intensive care unit (ICU), the incidence of delirium is high,
especially the hypoactive subtype when the patient is lethargic and withdrawn. In clinical
practice, it can be difficult to distinguish hypoactive delirium from the effects of sedation.
The first aim of this thesis was to improve our knowledge of reduced levels of
consciousness during hypoactive delirium and light levels of sedation, by studying
interactions between brain areas, using functional network analysis. The second aim
was to improve delirium detection in clinical, routine practice.

PART I: RESTING STATE EEG DURING HYPOACTIVE DELIRIUM AND
LIGHT LEVELS OF SEDATION
The brain can be regarded as a complex network. In the last two decades, an increasing
number of papers have been published, studying the brain as functional network, using
different modalities such as functional magnetic resonance imaging (fMRI), magnetoencephalography (MEG), and electroencephalography (EEG). The main advantage of
EEG is that it can be used at the bedside. A major limitation is the low spatial resolution
compared to fMRI or MEG, and therefore it is difficult to specify the anatomical location
of the recorded functional network. A broad range of functional connectivity measures
has been developed in recent years, enabling a more thorough interpretation of functional
network observations. However, the comparison between studies with different modalities
or different functional network measures remains difficult. Chapter 2 describes the
pipeline of functional connectivity and network analysis with EEG or MEG, from recording
settings towards assessment of the functional networks. For comparison between studies
on functional brain networks, it is essential to know the influence of methodological
differences.
In ICU patients disturbed consciousness is common, mainly due to administration of
sedatives or hypoactive delirium. Although they can be clinically similar, the cause of
reduced consciousness is different, and therefore the underlying mechanism might
be different as well. Changes in functional connectivity, directed connectivity, and
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the organization of the network were described previously for the levels of reduced
consciousness, however not compared to hypoactive delirium which is a similar state
of reduced consciousness. Therefore, the functional brain network during hypoactive
delirium and recovery from anesthesia is studied in chapter 3, and the effects of
midazolam and propofol individually in chapter 4. Hypoactive delirium and recovery
from anesthesia after cardiac surgery were found to be associated with reduced
functional connectivity and loss of the normal back-to-front pattern of information flow.
Therefore, functional connectivity and directed connectivity might be related to reduced
levels of consciousness. Differences between hypoactive delirium and recovery from
anesthesia were found in the organization of the functional network, or the topology.
Hypoactive delirium showed a less integrated, and therefore less efficient network,
whereas the recovery from anesthesia patients showed a more integrated organization
of their functional network. This difference could be explained by the difference in
state of the patients: the group recovering from anesthesia is regaining consciousness,
whereas hypoactive patients are not in a transition towards a fully awake state.
In chapter 4 the effects of light sedation due to midazolam and propofol in patients
undergoing an endoscopic procedure are described. Both sedatives resulted in slowing
of the EEG, reduced functional connectivity and loss of the back-to-front pattern in
the alpha frequency band. No differences in functional network topology based on the
minimum spanning tree (MST) were found compared to the baseline, the awake state.
The MST is the backbone structure of the network including the strongest connections
without forming loops in the network. A significantly greater reduction of alpha band
functional connectivity and disruption of the directed delta band connectivity was found
with propofol compared to midazolam. This suggests that midazolam and propofol could
have a distinct neurophysiological signature for light levels of sedation.

PART II: VALIDATION OF AN EEG-BASED DELIRIUM MONITOR
The second aim of this thesis was to improve delirium detection in clinical practice,
because delirium detection in the clinical practice is insufficient and delirium cases
can be missed. First, the current clinical situation related to delirium detection was
evaluated. In chapter 5 we assessed the agreement between delirium experts, who
based their conclusion whether a patient was delirious or not on exactly the same
clinical information. Postoperative patients were visited by a researcher performing
standardized cognitive assessments, which were recorded on video. Delirium experts
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evaluated these videos with additional patient record information. A considerable
amount of disagreement (21%) was found between the classifications of the different
experts. This indicates the difficulty of the diagnosis of delirium, even by experts. In case
of disagreement, a third expert was consulted for the final classification.
Using this final classification of the delirium experts, the sensitivity of the delirium
screening tools for routine daily practice by clinical nurses was evaluated. In about 50%
of the cases either the confusion assessment method of intensive care unit (CAM-ICU)
or the delirium observation screening (DOS) scale was applied and documented by the
nurses. The combined sensitivity was 43%, which is considered to be insufficient for
delirium detection in clinical practice. This indicates the need for an objective tool to
detect delirium in daily practice.
Second, a prototype electroencephalography (EEG)-based delirium monitor was developed
and validated in chapter 6. In 159 older postoperative patients, a single-channel EEG
recording was performed followed by a standardized cognitive assessment, which was
recorded on video. The videos were evaluated by two, or in case of disagreement, three
delirium experts. Several EEG-based measures were calculated and compared with the
final classification using a receiver operating characteristic (ROC) curve. The relative
delta power (1-4 Hz) resulted in an area under the ROC curve (AUROC) of 0.75 (95%
confidence interval (CI) 0.69-0.82). The AUROC of the widened relative delta power (1-6
Hz) was significantly higher, 0.78 (95% CI 0.72-0.84). These results suggest that delirium
can be detected in postoperative patients, using a simple single-channel EEG recording.
Finally, in chapter 7, the predictive ability of the EEG-based delirium monitor for observed
delirium the next day was assessed. Both, relative delta power (1-4 Hz) and widened
relative delta power (1-6 Hz) were significantly higher in non-delirious patients on the
day of recording who developed delirium the next day compared to non-delirious patients
who remained non-delirious the day after the recording. Prediction models including
clinical parameters and relative delta power (1-4 Hz) resulted in an AUROC of 0.70 (95%
CI 0.56-0.85). Therefore, this study suggests that it is possible to predict delirium based
on a single-channel EEG recording one day before delirium experts diagnosed delirium.
However, this should be confirmed in a larger study population with a higher number of
delirious cases.
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GENERAL DISCUSSION
The aim of this thesis was twofold: to obtain a better understanding of the neurophysiological mechanisms underlying delirium and light levels of sedation, and to
improve delirium detection for routine clinical practice using EEG. The methodology,
results and implications of the previous chapters will be described here in a broader
perspective.

OPTIMAL FUNCTIONAL CONNECTIVITY AND NETWORK ANALYSES
It is essential to reliable measure brain activity and use reliable methods for research,
which encompasses several aspects such as the instruction to the patients and selection
of correct methods. Resting state is defined as the state in which a subject is awake but
not performing any mental or physical task. Instructing subjects to be in this resting
state can be difficult. These instructions varied between different studies and the
interpretation and experience of the instructions can differ between subjects (chapter 2).
Moreover, it is even more difficult to instruct patients, for example with reduced level
of consciousness (chapter 4) or during delirium with reduced attention (chapter 3).
One could even argue that during reduced levels of consciousness subjects cannot have
a formal resting state, because they are not fully awake. However, spontaneous brain
activity can be recorded using one of the imaging modalities and compared across
different levels of consciousness, which can be compared to the resting state.
A large number of connectivity measures is available (chapter 2), all with their own
strengths and limitations. Based on the imaging modality, a suitable connectivity
measure should be selected. For EEG analysis, it is important to consider the effects of
volume conduction and field spread. When multiple EEG channels record the activity of a
single underlying source, these time series will be highly similar. For example, coherence,
a frequently used measure of functional connectivity (chapter 2), is likely to be affected
by volume conduction1, and therefore may lead to erroneous results of functional
connectivity. Phase-based approaches which exclude zero-lag phase differences, such
as the phase lag index (PLI) are less sensitive to these spurious interactions1,2.
When the optimal functional connectivity measure is selected, an adjacency matrix can
be calculated. This matrix contains the connection strength between all nodes (i.e., in
case of EEG all electrodes). Based on this adjacency matrix, the functional network can
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be computed. In this thesis the MST was used to evaluate network topology. Several
MST measures can be used to quantify the MST structure. Hypoactive delirium patients
showed a more path-like MST (i.e., less integrated) whereas patients recovering from
anesthesia had a more star-like MST (i.e., more integrated). Light levels of sedation, due
to either midazolam or propofol, had no apparent effect on MST topology. The selection
of frequency band of interest might have affected this result. The EEG time series were
analyzed in four different frequency bands, delta (0.5-4 Hz), theta (4-8 Hz), alpha (8-13
Hz), and beta (13-20 Hz). Moreover, six MST parameters were calculated to describe
the different characteristics of the networks. Increasing the number of tests, will also
increase the risk of false positive results (i.e., type I error). It is therefore important to
critically select the number of tests applied to the data. To reduce the number of tests,
we tried to select the frequency band of interest using MST-overlap, to find differences
in topography between the groups3. A reference MST was created based on the control
subjects for each frequency band. The percentage of overlap of a patient’s MST with the
reference MST was calculated. It was assumed that if there was a significant difference
in MST overlap between the groups, this was the result of different underlying topology,
and therefore MST measures of this frequency band were further investigated.
In chapter 3 the MST overlap showed significant differences between the hypoactive
delirium, recovery from anesthesia, and non-delirious controls for the delta, alpha, and
beta frequency bands. MST measures were calculated and compared between the groups
in these frequency bands, showing different topologies. In chapter 4 however, significant
difference in MST overlap were found in the beta frequency band between baseline
and propofol sedation. Unexpectedly, the MST measures were not significantly different
between baseline and propofol sedation. This may suggest that propofol alters some
of the connections of the MST, however the topology (i.e., the global organization) is
not affected. Another explanation is that the MST-overlap measure is more sensitive to
differences in the MST networks than the individual MST measures. The values of MSToverlap were relatively low, which may implicate high variability of the MST structures
of each patient, based on either relative high noise levels or a more dynamic character
of the MST structures. It remains unclear if this selection procedure using MST-overlap
of the frequency bands of interest for MST analyses is an optimal method. However, it
is also unclear if calculation of all MST measures in the frequency bands with sufficient
correction for multiple testing, would have led to different results.
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IS DELIRIUM A DISCONNECTION SYNDROME?
A previous EEG functional connectivity study in delirium patients suggested that delirium
is a disconnection syndrome4, which is confirmed by the results of chapter 3. However,
also recovery from anesthesia resulted in a similar reduction of functional connectivity.
Moreover, other diseases in which cognition is affected, such as schizophrenia and
Alzheimer’s disease, are also described as disconnection syndromes5,6, and therefore
disconnection does not seem to be specific for delirium.
The direction of the information flow was also assessed in chapter 3 and chapter 4.
Using the directed phase transfer entropy, significant loss of the back-to-front pattern
was found during hypoactive delirium as well as during recovery from anesthesia and
light levels of sedation due to midazolam or propofol. This loss of directionality was also
found in previous studies, assessing the effect of propofol in healthy subjects, and in
patients with dementia with Lewy bodies7–9. Therefore, loss of directionality seems not
to be a specific characteristic for delirium either, but may rather be a characteristic of
loss of attention and awareness.
One previous study investigated the functional brain network using fMRI, both during
delirium and after recovery of an episode of delirium10. The effort of performing fMRI
recordings in delirious patients is admirable, because of the difficulty to instruct these
patients. Therefore, this is a highly interesting dataset enabling the opportunity to
evaluate the functional brain connectivity according to anatomical locations. Choi et al.
(2012) used Pearson’s correlation as measure of functional connectivity, and found a
positive correlation between the time series of the dorsolateral prefrontal cortex and
the posterior cingulate cortex during delirium episodes, whereas non-delirious control
subjects had a negative correlation between these brain regions10. Although these results
are not directly comparable to the EEG studies in this thesis, the disturbance of the
back-to-front pattern is suggested to point in the same direction: a disturbance of the
communication between the frontal and posterior parts of the cortex. Frontoparietal
communication is assumed to be essential for attention, thus disruption of this
connectivity may lead to inattention, which is a central feature of delirium. However, this
seems not to be exclusively related to delirium, since reduced levels of consciousness
due to sedation showed a similar loss of back-to-front pattern.
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Moreover, Choi et al. also performed an fMRI recording after resolution of the delirious
episode, meaning that the symptoms were markedly reduced10. However, the disruption
of the negative correlation in activity between dorsolateral prefrontal cortex and the
posterior cingulate cortex found during the delirious episode was not fully recovered
by then. The different transition phases of anesthesia (i.e., induction, maintenance, and
emergence) were also found to have unique functional connectivity characteristics,
especially based on the directed connectivity7,8. Therefore, it would be interesting to
study the entire course of delirium using EEG, to evaluate when the functional brain
network is fully restored in relation to the symptoms, and to study whether remaining
EEG abnormalities predict long-term cognitive impairment.
The differences between hypoactive delirium, recovery from anesthesia, and non-delirious
control subjects were found with the MST measures. Betweenness centrality was most
specific to distinguish hypoactive delirium from recovery from anesthesia. Choi et al.
showed increased connectivity between precuneus and posterior cingulate cortex in
the delirious patients, which was suggested as increased integration of the functional
network10. The functional connectivity between several subcortical brain regions was
reduced10. How the fMRI results of Choi et al. relate to the MST measures based on EEG
recordings is unclear. It would be interesting to perform resting state network analysis
using fMRI and EEG simultaneously, enabling interpretation of both results related to
anatomical location of the disturbances.
Taken together, we can conclude that delirium can be regarded as a disconnection
syndrome, and that more specific characteristics of the functional network such as
betweenness centrality, can be used to distinguish delirium from related conditions.

RECOGNITION OF DELIRIUM IN CURRENT CLINICAL PRACTICE
The case description of the delirious patient in chapter 1 Box 1.1, Mrs.R., is an example
of an older frail patient who had major surgery and develops delirium. The first morning
after surgery, the patient was drowsy and slept through the day. Although disturbance of
the sleep-wake cycles is one of the symptoms of delirium, delirium may go unnoticed in
these patients. Mrs. R. was diagnosed with delirium when she was agitated and removed
the i.v. tube, which alarmed the nurse.
The hypoactive motor subtype is if often missed by clinicians as a delirium11. To improve
delirium detection in clinical practice several screening tools have been developed.
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Currently, the CAM for general ward patients12, and the CAM-ICU for the intensive care13
are the most frequently used delirium screening tools14,15. In a research setting these
tools can identify delirium cases correctly, however, in clinical practice the detection
rate appears to be disappointing. In chapter 5 the detection rate of delirium by bedside
nurses was also low, only 32 out of the 100 (possible) delirium cases were detected
and documented. This emphasizes the need of improved delirium detection for clinical
practice.

GOLD STANDARD VERSUS REFERENCE STANDARD IN DELIRIUM
CLASSIFICATION
For delirium research, etiological studies, clinical trials, and validation studies, it is
essential to have a common agreement on the diagnosis of delirium in the study
population. The gold standard for delirium diagnosis in most studies is an evaluation
by a delirium expert15. The term gold standard originates from economy field, signifying
a monetary standard. A gold standard has a sensitivity and specificity of 100% by
definition, which is not feasible in clinical practice or a medical research setting16. For
delirium diagnosis, interpretation is needed by the expert, which is subjective and implies
the impossibility of having no false positives or false negatives. Moreover, the information
available for delirium diagnosis varies substantially in different studies: clinical impression,
cognitive testing, clinical notes, physical examination, or a combination of all17.
Furthermore, in validation studies of delirium tools it is essential to have a small time
window between gold standard evaluation and the new proposed delirium screening
tool, because of the fluctuating character of delirium. Unfortunately, not all studies on
delirium have a reliable gold standard diagnosis, for example due to unclear time delay
between gold standard and the new test14. Moreover, the DSM criteria have been changed
over the last decades, also resulting in slightly different results18.
In the second part of this thesis, 38 delirium experts evaluated patients on delirium
based on extensive and validated cognitive tests recorded on video as approximation of
the gold standard diagnosis of delirium. The participating delirium experts diagnosed
approximately 15 delirious patients on a monthly basis and they had numerous years
of clinical experience. Therefore, they were assumed to be able to diagnose patients
correctly, having a robust delirium diagnosis. Two delirium experts assessed each video
and accompanying patient record information of the last 24 hours. No consensus was
reached in 21% of the cases based on exactly the same video recording and patient
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record information. Moreover, the delirium experts were asked to give a likelihood of a
patient being delirious. Comparing these likelihoods of the delirium experts, the highest
variability was found in the hypoactive motor subtype.
Together, these results indicate that it is difficult to classify delirium, even for delirium
experts with broad experience. Moreover, this shows that what is currently considered
the gold standard for delirium diagnosis, is rather a reference standard being the best
method currently available. In future delirium research, it is essential that the studies
use a reliable method for delirium diagnosis and have this well-defined in the method
section. Despite imperfect diagnoses by delirium experts, they should be considered as
the best reference standard available at this time.

DELIRIUM AS A DICHOTOMOUS OR A CONTINUOUS SYNDROME
Chapter 6 describes the results of the validation of the EEG-based delirium monitor
according to the ‘dichotomous reference standard’. The delirium experts classified
patients as ‘non-delirious’, ‘possible delirious’, or ‘delirious’. The ‘possible delirious’ and
‘delirious’ classified patients were combined because these were all cases who should be
detected in clinical practice, allowing possible interventions. Moreover, a dichotomous
comparison calculating the sensitivity, specificity, and accompanying ROC curve enables
comparison with previously validated delirium tools, such as the CAM-ICU13. It is unclear
how giving the experts the opportunity to classify the patients as ‘possible delirious’ has
influenced the results.
Delirium is classified according to the DSM criteria, resulting in either delirium or nondelirium, there is nothing in between. However, it is more plausible that delirium is a
spectrum or a continuum instead of a dichotomous diagnosis19. In clinical practice, the
physician should critically follow the patients who do not fulfill all criteria for possible
deterioration towards delirium and non-pharmacological interventions can be started.
The results of chapter 7 showed that there is increased EEG delta activity in patients who
developed delirium the day after the EEG recording, compared to those who do not. This
indicates a mild encephalopathy, without delirious symptoms or not fulfilling all criteria
for delirium diagnosis. In the literature, the term prodromal delirium or subsyndromal
delirium is used to classify patients who are not fulfilling all criteria. Subsyndromal
delirium has also been associated with impaired outcome and therefore relevant to
recognize19.
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Delirium can range in severity, according to the number and severity of the symptoms and
the duration of the delirious episode. This information may be relevant for the trajectory
of delirium and long-term consequences20, and therefore for possible interventions.
If a patient can be defined as ‘subsyndromal delirium’ the physician could start nonmedical interventions trying to prevent the transition towards the full syndrome. On the
other hand, when the severity of the symptoms decreases, this may suggest recovering
of the delirious episode. Therefore, delirium should be regarded and treated as a
continuous spectrum. The EEG-based delirium monitor gives a continuous result and
seems more compatible with delirium as continuous spectrum. However, the relative
delta power (1-4 Hz) was only weakly correlated with the severity of delirium (chapter 6).
Future research should evaluated which EEG features can be used best to monitor the
delirious episode as a continuous measure. Not only the frequency related measures
should be considered, also more complex measures, such as the functional connectivity
and MST measures, since delirium and reduced levels of consciousness without delirium
showed similar results on the frequency measures. Using multiple EEG measures instead
of one could improve detection, but also a stronger correlation with severity of delirium,
which is desirable for clinical practice.

SEDATION-INDUCED DELIRIUM
In the ICU sedatives are frequently administered to comfort patients21. In patients
who are mechanically ventilated, daily interruption of sedatives enables neurological
evaluation and was shown to reduce the number of days of mechanical ventilation, and
the duration of ICU and hospital stay22. During the interruption of sedation, patients can
also be evaluated on delirium. However, it is not clear how long it takes to fully regain
consciousness after interruption of the sedatives. In a prospective study, the long-term
outcome between rapidly reversible, sedation-related delirium and persistent delirium
was evaluated by assessing delirium before and after the cessation of sedatives23. This
study showed that rapidly reversible, sedation-related delirium (i.e., delirium before
cessation of sedatives, but not thereafter) does not have the same poor long-term
prognosis as persistent delirium. Delirium was assessed using the CAM-ICU by researchers.
The authors suggested that the timing of delirium assessment in relation to sedative
interruption should be taken into account, and that delirium screening should preferably
be performed in those who are awake23.
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In chapter 3 we assessed the differences between hypoactive delirium and recovery
from anesthesia. This recovery of anesthesia may be assumed similar as the rapidly
reversible, sedation-related delirium as defined this previous study. Although we did
not perform any delirium assessment in these patients during the EEG recording, these
patients were visited the two following days for delirium evaluation and were excluded
when found delirious. The full-EEG recording showed a similar power spectrum as was
found in the hypoactive delirium patients. Increasing the number of electrodes in the
EEG-based delirium monitor, may facilitate the opportunity to distinguish sedation
effects from delirium using MST measures. However, it is unclear what the minimum
number of EEG channels should be.
A different study assessed patients for delirium directly after surgery at the post-anesthesia
care unit (PACU) and during the following days, according to the DSM criteria24. The
patients who were only delirious at the PACU and not during the following days had no
long-term cognitive problems at three months after surgery, which was similar to the
non-delirious patients. Moreover, the patients who were diagnosed as delirious on the
consecutive days after surgery, did have an increased risk of postoperative cognitive
decline24. Therefore, this study indicates that there is a significant difference in long-term
outcome between sedation-delirium (i.e., directly after surgery) and delirium on the
consecutive days after surgery. Hence, it is important to distinguish these two groups in
clinical practice in relation to long-term prognosis.

IMPROVED DELIRIUM DETECTION USING AN EEG-BASED DELIRIUM
MONITOR
One of the aims of this thesis was to improve delirium detection using an EEG-based
delirium monitor. Chapter 6 describes the results of the validation study of a brief, singlechannel EEG recording in older postoperative patients. Based on the dichotomous
classification by the delirium experts, either non-delirious or (possible) delirious, and
several cut-off points of the relative delta power, an ROC curve was created and the
calculated area under the ROC (AUROC) was 0.75 (95% CI 0.69-0.82). A slightly higher
AUROC value (0.78 (95% CI 0.72-0.84)) was found for the widened relative delta power
(1-6 Hz). These results are significantly better than chance (AUROC=0.50), although
deviate largely from the perfect discriminating test (AUROC=1.00). In the proof-of-concept
study AUROC values of 0.99 were found using the relative delta power to discriminate
between definitely delirious patients from definitely non-delirious patients25. Several
explanations can be given for the lower AUROC values found in the validation study,
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chapter 6. First, the used reference standard is not perfect. Although a third expert was
consulted in case of disagreement between the first two delirium experts, this indicates
that the diagnosis of delirium is not straightforward. In the proof-of-concept study,
only the definite delirious patients and definite non-delirious patients were included25,
excluding possible doubtful cases which will occur in clinical practice. Moreover, the
dichotomization of the classification of the experts, may have influenced the results
negatively, including the possible delirious cases into the delirium group. However, the
possible delirium patients had similar increased relative delta power as the delirium cases,
supporting the merge of the possible delirium cases with the delirium cases.
A second explanation for the lower AUROC values compared to the proof-of-concept
study is that patients were only visited once during the day, whereas delirium has a
fluctuating character. If patients did not show delirium symptoms during the visit, but
for example only during the evening, this was not recorded on video. We tried to prevent
under-detection of these cases by including the information of the patient record.
However, if a patient showed symptoms in the evening but this was not noted by the
nurse or physician or not documented in the patient record, this episode would have still
be missed in the current study. This would lead to false positive cases if the EEG would
be affected.
Finally, the lower AUROC values can be explained by the possible difference in the course
of the delirium symptoms compared to the course of the underlying encephalopathy,
which is recorded by the EEG. In Figure 8.1, a hypothetical relation between time and the
development of the encephalopathy is shown. Delirium diagnosed by experts according
to the DSM-5 criteria is feasible when the underlying encephalopathy is sufficient to
lead to delirious symptoms. The EEG measures may be more accurate and enable
the opportunity to detect the ongoing encephalopathy before the symptoms arise.
Moreover, in chapter 7 the EEG variables of the current day, in non-delirious patients,
were studied in relation to the development of delirium the day after the recording.
Patients who were diagnosed as delirious on the day after the recording had significant
higher relative delta power than patients who remained non-delirious. Relating these
results to the diagnostic comparison (i.e., the results of the EEG recording vs. the
diagnosis on the same day), indicates that patients who were classified as non-delirious,
could have already higher relative delta power, related to delirium the next day. This also
leads to false positive results regarding the ROC curves in chapter 6.
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Figure 8.1. Hypothetical opportunity of EEG based delirium detection prior delirium diagnosis by experts.
Severity of the encephalopathy describes the underlying abnormalities that can result in delirium or coma. Delirium
detection with EEG may be feasible in an earlier stage compared to the expert classification.

Based on these considerations, the results of chapter 6 may be valuable and reliable for
use in clinical practice. The cases that are false positive in chapter 6, but true positive
cases in chapter 7 should be considered correct, since the EEG predicts delirium before
the delirium experts considered the diagnosis. This should improve the observed AUROC
values of chapter 6.
Mrs. R., the case description in chapter 1 Box 1.1, may have benefited when the EEGbased delirium monitor was used to record the relative delta power several times a day
or continuously during the day. The ongoing encephalopathy could have been detected
the first morning after surgery, instead of during the evening. However, whether this
would have led to an improved outcome depends on the treatment options started
by the physician. A previous study showed that increased adherence to the available
delirium screening protocol resulted in reduced in-hospital mortality and reduced
number of days on the mechanical ventilator26. This is remarkable, since delirium
detection itself does not cure the problem. However, the development of delirium is by
definition caused by underlying medical conditions, and detection of new onset delirium
should be followed by the search for these underlying problems. Early treatment of the
underlying problem could improve the outcome of the patients.
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FUTURE PERSPECTIVES
Delirium is proposed to result from the breakdown, or disconnection, of the functional
brain network27. Patients with higher functional connectivity are hypothesized to be
less vulnerable for stressors such as anesthesia and surgery, and will develop delirium
less often. Preoperative evaluation of the functional brain network may therefore be
able to predict which patients will suffer from a delirious episode after surgery and
possibly long-term postoperative cognitive decline. It would be valuable to detect
surgical patients with lower functional connectivity, and improve this to reduce the risk
of postoperative delirium. Behavioral or pharmacological interventions may recover
or improve the functional connectivity of the brain network. Neurostimulation, with
transcranial magnetic stimulation (TMS) or transcranial direct-current stimulation
(tDCS), is thought to improve functional connectivity27. With tDCS a constant low
electrical current is applied by electrodes to brain areas. Using TMS, a magnetic field
is generated above the head of a patient, resulting in activation of the neurons in the
cortex. Using tDCS or TMS is suggested to improve the functional connectivity, making
patients less vulnerable for major stressors27.
In this thesis the functional brain network during hypoactive delirium and the effects
of sedatives were studied on a static level, the information across four epochs of eight
seconds was averaged to gain stable results. However, it might also be of interest to
study the dynamic components of the functional network, especially in relation to the
increased variability of the EEG signal found during delirium28. In the different transition
phases of general anesthesia, different dynamic subgraphs of the backbone structure
were found in a previous study29. These dynamic subgraphs were obtained with a moving
window over the time series instead of averaging the information over the entire epoch.
This suggests that both the static (i.e., the averaged result over the epochs) and dynamic
networks (i.e., the fluctuation within the epochs) are related to levels of consciousness.
In this thesis we tried to find the best EEG measures to distinguish delirium from nondelirium as classified by delirium experts. However, the long-term consequences of
delirium may be more important than the detection of delirium itself. It would be of
interest to relate the EEG measures recorded during the first three days after surgery
with long-term outcome of these patients. It is possible that EEG features can make a
better distinction between patients who will and will not suffer from cognitive decline
1 year after surgery, compared to the delirium diagnosis by experts during the three
postoperative days. For example, a patient who does not fulfill all DSM-5 criteria for
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delirium, but does suffer from surgery-related brain damage such as micro-emboli after
heart surgery30, may have long-term cognitive problems. Moreover, it was suggested
that in some diseases a long-term follow-up variable could help in case of an imperfect
gold standard16. It would be of great interest to detect these patients who will suffer
from long-term cognitive decline. Firstly, this would allow us to inform the patients
about the possible cognitive decline. Secondly, future treatment could be started based
on the EEG measures, instead of delirium diagnosis based on symptoms only. Finally,
pharmacological and non-pharmacological interventions could be improved based on
EEG measures which relate to long-term outcomes. In the ICU, antipsychotics such as
haloperidol are frequently used to reduce the symptoms of delirium. However, sufficient
evidence of its efficacy and safety is lacking21, and it does not treat the underlying cause.
Using a reliable method to detect delirium or possible long-term outcome is essential in
research estimating the efficacy of interventions.
Other effects influencing the EEG pattern should be evaluated more extensively and
included in the EEG detection algorithm. In this thesis the effects of recovery from
anesthesia in relation to hypoactive delirium were studied. However, the observed
difference in network topology is not applicable in the single-channel EEG-based delirium
monitor. Thus, other options should be explored. EEG in delirious patients was shown to
have increased variability over time and reduced complexity28. This increased variability
is probably the result of the intermittent rhythmic delta activity31. During the transition
from consciousness to sedative induced unconsciousness, the EEG pattern becomes
more regular, but also less complex32. Despite the similar reduced complexity of the EEG
signal in delirium and anesthesia, the variability related to the intermittent rhythmic
delta activity in delirium may be useful to make a distinction and should be evaluated in
comparable populations.
Dementia is an important risk factor for delirium33 and the incidence of dementia in elderly
patients is significant. The delirium monitor should be able to distinguish delirium from
dementia, as well as delirium superimposed on dementia from dementia. Using resting
state EEG recording only showed minor differences between patient with dementia
and patients with delirium superimposed on dementia31. Adding a prolonged activation
procedure (i.e., the patients were instructed to keep their eyes open), improved the
discriminating power using EEG characteristics31. The diagnostic value of single-channel
EEG based delirium monitor should be further studied in dementia patients with and
without delirium.
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CONCLUSION
This thesis describes the opportunities to detect delirium based on a simple quantitative
EEG recording. Early prediction of delirium prior to a clinical diagnosis seems feasible.
As this allows early detection of underlying causes of delirium, the EEG-based delirium
monitor is a useful tool for clinical practice. Sophisticated measures of functional network
analysis were found to distinguish the effects of sedatives from delirium, however multiple
EEG channels are needed. Improved algorithms should be developed to detect delirium
distinct from sedatives and other states influencing the EEG recording.
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NEDERLANSE SAMENVATTING
(DUTCH SUMMARY)

SAMENVATTING
Het brein kan worden gezien als een complex netwerk, waarbij verschillende hersengebieden met elkaar communiceren door middel van elektrische signalen tussen de vele
hersencellen (neuronen). De globale activiteit van de hersenen kan bijvoorbeeld worden
gemeten met een elektro-encefalogram (EEG). Met behulp van netwerkanalyse, is het
mogelijk om te onderzoeken hoe het hersennetwerk functioneert in gezonde personen
en hoe dit anders is in patiënten met een verstoring van het brein, zoals bij delirium.
Delirium, ook wel delier genoemd, is een plotselinge verstoring van cognitie en aandacht
en komt vaak voor bij oudere en ernstig zieke patiënten. Patiënten met een delier zijn in
de war, gedesoriënteerd in plaats en tijd en kunnen de aandacht niet goed vasthouden.
Er worden drie vormen van een delier beschreven, namelijk: hyperactief, hypoactief en
de gemengde variant. Een patiënt met een hyperactief delier is onrustig en geagiteerd.
Een patiënt met een hypoactief delier, ook wel stil delier genoemd, is juist slaperig en
inactief. Een patiënt die afwisselend hyperactieve en hypoactieve periodes laat zien,
heeft de gemengde variant. De stille variant komt veel voor op de intensive care (IC) en
laat zich moeilijk onderscheiden van de effecten van slaapmiddelen. Veel patiënten op de
IC krijgen slaapmiddelen om hun herstel en comfort te bevorderen. Juist het onderscheid
tussen patiënten met een delier en patiënten die slaperig zijn vanwege het slaapmiddel
is belangrijk, omdat de effecten van het slaapmiddel vanzelf uitwerken, terwijl de
patiënt met een delier behandeld moet worden. Het is noodzakelijk om het delier te
behandelen, omdat het een negatieve invloed heeft op het herstel van de patiënt.
In het eerste deel van dit proefschrift zijn met behulp van netwerkanalyses verschillende
oorzaken van een verlaagd bewustzijn met elkaar vergeleken. In het tweede deel van
dit proefschrift is gekeken naar de herkenning van delier in de klinische praktijk en is
onderzocht of we dit kunnen verbeteren met behulp van EEG.

DEEL I: RESTING STATE EEG TIJDENS STIL DELIER EN MILDE
SEDATIE
Het doel van het eerste deel van dit proefschrift was het verbeteren van de kennis
van verlaagd bewustzijn tijdens een delier met behulp van netwerkanalyse van het
brein. Er werd eerst onderzocht wat belangrijke keuzes zijn voor het uitvoeren van
netwerkanalyse. In de afgelopen 20 jaar is het aantal onderzoeken naar het brein als
functioneel netwerk enorm toegenomen. Het functionele hersennetwerk kan met
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verschillende modaliteiten worden gemeten, onder andere met functionele MRI (fMRI),
magneto-encefalografie (MEG) en EEG. Een voordeel van fMRI en MEG is dat ze met
grote nauwkeurigheid de locatie van de hersenactiviteit kunnen vaststellen. Het grote
voordeel aan EEG is dat het gebruikt kan worden aan het bed van de patiënt, wat met
fMRI en MEG niet mogelijk is.
Er zijn veel verschillende maten ontwikkeld om de functionele connectiviteit, de
interactie tussen verschillende hersengebieden, te berekenen. Alle maten hebben hun
eigen voor- en nadelen. Het grote probleem is dat de resultaten van de verschillende
maten en verschillende modaliteiten niet goed met elkaar vergeleken kunnen worden.
Voor het vergelijken van onderzoeken naar functionele hersennetwerken is het van groot
belang om te weten wat de invloed is van de verschillen in methodologische keuzes die
gemaakt zijn. Daarom wordt in hoofdstuk 2 beschreven welke keuzes er vooraf en tijdens
de analyses gemaakt moeten worden en hoe dat invloed kan hebben op het resultaat.
In hoofdstuk 3 zijn EEG netwerkanalyses gedaan op twee groepen patiënten met een
verlaagd bewustzijn, namelijk patiënten met een stil delier en patiënten die wakker
worden na de operatie. In beide patiëntengroepen vonden we afgenomen functionele
connectiviteit en verlies van de gerichte connectiviteit van posterieur naar anterieur (van
achter naar voren). Deze afnames zouden kunnen samenhangen met het verlaagde
bewustzijn. Het verschil in het hersennetwerk van stil delier ten opzichte van verlaagd
bewustzijn door slaapmiddelen, werd gevonden in de organisatie van het functionele
netwerk. Het netwerk gemeten bij een stil delier werd gekarakteriseerd door een
minder sterk geïntegreerd netwerk. Hierdoor kost het meer moeite om informatie van
de ene kant van het netwerk naar de andere kant van het netwerk te versturen. Het
netwerk is dus minder efficiënt geworden. De patiënten met een verlaagd bewustzijn
door slaapmiddelen lieten juist een sterker geïntegreerd netwerk zien. Het verschil zou
verklaard kunnen worden door de fase van het verlaagde bewustzijn van de patiënten.
De patiënten met verlaagd bewustzijn door slaapmiddelen zaten in de fase waarin ze
wakker werden, terwijl patiënten met een stil delier mogelijk nog niet aan het herstellen
waren.
In hoofdstuk 4 hebben we het verschil tussen twee soorten slaapmiddelen onderzocht,
namelijk midazolam en propofol. Patiënten die een roesje kregen (een lichte vorm van
sedatie) tijdens een endoscopische ingreep, werden geïncludeerd. Met behulp van
EEG-metingen voor en tijdens het roesje konden de twee situaties met elkaar worden
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vergeleken. Ook in deze studie zagen we een afname van de functionele connectiviteit en
verlies van de gerichte connectiviteit bij zowel midazolam als propofol, ten opzichte van
de wakkere meting voor het roesje. Echter, hier werden geen verschillen gevonden in de
organisatie van het netwerk tussen de meting tijdens het roesje en de wakkere meting
voor het roesje. Bij het vergelijken van de effecten van midazolam en propofol werd
een grotere afname van de functionele connectiviteit in de alfa frequentieband en een
grotere verstoring van de gerichte connectiviteit in de delta frequentieband gevonden bij
propofol ten opzichte van midazolam. Dit verschil suggereert dat midazolam en propofol
mogelijk een ander werkingsmechanisme hebben op het functionele hersennetwerk
tijdens een roesje.

DEEL II: VALIDATIE VAN EEN DELIER MONITOR OP BASIS VAN EEG
Het tweede doel van dit proefschrift was het verbeteren van de herkenning van delier
in de klinische praktijk, omdat delierherkenning op dit moment ondermaats is. Als
eerste werd de huidige klinische situatie geëvalueerd. In hoofdstuk 5 werd onderzocht
in hoeverre de diagnose delier overeenkwam tussen verschillende delier experts. Een
onderzoeker bezocht oudere patiënten (60 jaar en ouder) de eerste drie dagen na een
grote operatie en nam een cognitieve screeningtest af. Dit werd vastgelegd op video. De
experts kregen deze video’s te zien en kregen informatie van de afgelopen 24 uur uit de
klinische status van de patiënten. De experts beoordeelden de patiënten als het hebben
van geen delier, mogelijk delier of delier. Bij het vergelijken van de beoordelingen van
de experts werd in 21% geen overeenstemming gevonden. Dit benadrukt hoe lastig de
diagnose delier kan zijn. Indien er geen overeenstemming tussen twee experts was,
werd een derde expert gevraagd voor een uiteindelijke classificatie. Die uiteindelijke
classificatie werd gebruikt om te testen hoe goed het delier in de klinische praktijk wordt
herkend. Er zijn verschillende screeningmethodes ontwikkeld voor verpleegkundigen
en artsen. In de deelnemende ziekenhuizen werd de confusion assessment method
for intensive care unit (CAM-ICU) gebruikt voor IC-patiënten en de delirium observatie
screening (DOS) schaal voor patiënten op andere verpleegafdelingen. De verpleegkundigen
zouden deze screeningmethodes 2 of 3 keer per dag uit moeten voeren en documenteren
in de status van de patiënt. Uit het huidige onderzoek bleek dat slechts in ongeveer
de helft van de gevallen een CAM-ICU of DOS-score was ingevuld. Van de helft die wel
was gedocumenteerd, bleek de sensitiviteit 43% te zijn. Hieruit blijkt dat in de klinische
praktijk delier onvoldoende wordt herkend. Er is dus een betere en objectieve methode
nodig om delier in de dagelijkse praktijk goed te kunnen herkennen. Daarom werd een
delier monitor op basis van EEG ontwikkeld.
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Hoofdstuk 6 beschrijft de validatiestudie van dit op EEG-gebaseerde prototype. Bij
159 patiënten van 60 jaar en ouder werd de eerste drie dagen na hun operatie een
enkelkanaals EEG gemaakt, gevolgd door een cognitieve screeningtest die op video
werd vastgelegd. De video’s werden beoordeeld door twee of drie delier experts. Een
minuut storingsvrij EEG-segment werd geselecteerd waarop meerdere EEG-maten
werden berekend. Op basis van verschillende afkapwaardes van deze EEG maten werd
gekeken hoe goed het EEG onderscheid kan maken tussen delier en geen delier op basis
van de conclusies van de experts. Op basis van de relatieve delta power, de langzame
frequenties tussen 1 en 4 Hertz (Hz), verkregen we een receiver operating characteristic
(ROC) curve met een oppervlakte van 0.75 (95% betrouwbaarheidsinterval 0.69-0.82).
De brede relatieve delta power (1-6 Hz) had een iets hogere oppervlakte onder de ROC
curve, namelijk 0.78 (95% betrouwbaarheidsinterval 0.72-0.84). Het onderscheidend
vermogen, vooral van de brede relatieve delta power, suggereert dat we een delier kunnen
aantonen bij postoperatieve patiënten op basis van een simpele enkelkanaals EEG-meting.
In hoofdstuk 7 werd tot slot onderzocht of het ook mogelijk is om het optreden van
een delier een dag eerder al te voorspellen met behulp van het enkelkanaals EEG.
Zowel de relatieve delta power als de brede relatieve delta power waren significant
hoger in patiënten die de volgende dag een delier ontwikkelden. Daarnaast werd een
voorspelmodel gemaakt op basis van klinische parameters en de relatieve delta power.
Dit voorspelmodel bleek in staat te zijn om delier te voorspellen, voordat de delier expert
de diagnose kan stellen. Echter moeten deze resultaten bevestigd worden in een grotere
onderzoekspopulatie, met een hoger aantal delirante patiënten.
Het laatste deel van dit proefschrift bevat een Engelse samenvatting en een algemene
discussie over de gebruikte methodes, resultaten en implicaties van dit proefschrift.
Concluderend beschrijft dit proefschrift de mogelijkheid om met een EEG meting delier
te kunnen herkennen en te onderscheiden van de effecten van slaapmedicatie. Op basis
van een volledig EEG met meerdere kanalen bleek het mogelijk om de functionele
hersennetwerken van een stil delier te onderscheiden van de effecten van slaapmiddelen.
Daarnaast laat dit proefschrift zien dat het mogelijk is om delier aan tonen met behulp van
een simpele, kwantitatieve, enkelkanaals EEG-meting. Voordat delier betrouwbaar op
de intensive care gemeten kan worden, moet het huidige algoritme verbeterd worden,
zodat er beter onderscheid gemaakt kan worden tussen delier en andere vormen van
verlaagd bewustzijn op basis van het enkelkanaals EEG.
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