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Abstract When information on a coma patient’s
expected outcome is uncertain, a moral dilemma
arises in clinical practice: if life-sustaining treatment
is continued, the patient may survive with unacceptably poor neurological prospects, but if withdrawn
a patient who could have recovered may die. Continuous electroencephalogram-monitoring (cEEG)
is expected to substantially improve neuroprognostication for patients in coma after cardiac arrest. This
raises expectations that decisions whether or not to
withdraw will become easier. This paper investigates
that expectation, exploring cEEG’s impacts when
it becomes part of a socio-technical network in an
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Intensive Care Unit (ICU). Based on observations in
two ICUs in the Netherlands and one in the USA that
had cEEG implemented for research, we interviewed
25 family members, healthcare professionals, and
surviving patients. The analysis focuses on (a) the
way patient outcomes are constructed, (b) the kind of
decision support these outcomes provide, and (c) how
cEEG affects communication between professionals
and relatives. We argue that cEEG can take away or
decrease the intensity of the dilemma in some cases,
while increasing uncertainty for others. It also raises
new concerns. Since its actual impacts furthermore
hinge on how cEEG is designed and implemented, we
end with recommendations for ensuring responsible
development and implementation.
Keyword Prognostic uncertainty · Technological
innovation · cEEG · Performativity · Postanoxic
coma · Decision support · Clinical dilemma
Aim and Motivation
“My husband, Chris, had been alone since 9
am. We had almost reached home when he
called me in distress ‘Where are you? I need
you’. I immediately had this feeling; this isn’t
right, this really ain’t right. We raced home as I
said ‘Hold on. We’ll be home in three minutes.’
Meanwhile, my daughter called 911. Chris was
Vol.:(0123456789)
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still sitting at the table when we ran in but as
we reached him, he collapsed. My son and I
started reanimation but Chris started vomiting
and his head was quickly turning blue. I got
really scared that he wasn’t getting the oxygen
we tried to give him through mouth-to-mouth
breathing. It took the ambulance seven minutes
to arrive. Reanimation took a long time and
after several defibrillations and lots of medication, Chris was stable enough to go to the hospital. But even on the way to the hospital he had
another cardiac arrest and more defibrillation.”
(Vanderbilt’s wife)
Chris Vanderbilt remained in intensive care for
weeks. An experimental neuroprognostic tool which
was then still under investigation indicated a poor
outcome yet, overall, neuroprognostication remained
subject to a significant degree of uncertainty. The
Vanderbilts managed to convince the physicians to
continue treatment by pointing to video footage that
demonstrated signs of consciousness, indicating that
withdrawing life-sustaining treatment might arguably
strip Chris of a viable chance. Even so, both family
and treating physicians were aware of the danger continuation of care might hold for the patient and their
quality of life; Chris could survive in ways he might
consider worse than death.
The (im)permissibility of withdrawal or withholding of life sustaining treatment [1–3], as well as the
difference between the two [4–10], have been extensively discussed in the philosophical literature. Since
many countries legalized withdrawal of life-sustaining treatment (WLST) when treatment is considered
futile, however, the ethical issues in those countries
shifted to the level of medical practice, where they
reappear in a more practical form. Medical professionals as well as relatives of patients in coma after
cardiac arrest now have to answer the question
‘Should we continue treatment for this particular
patient or not?’.
Any answer to this practical question has to
address two sub questions. On the one hand, one
needs to know the minimum quality of life that should
be achieved to make continued living worthwhile.
In practice, our empirical study shows this normative criterion is usually inferred from what is known
about a specific patient’s wishes and values but it is
also dependent on cultural and political context [11].
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On the other hand, information is needed about the
chances that a particular patient will be able to attain
that minimum level – that is, about a patient’s prognosis. As seen in the example above, current prognostic practices for patients in coma after cardiac arrest
show that if a patient’s prognosis is uncertain or lacking, the option to discontinue care has created a moral
dilemma. Medical practitioners and families are
forced to choose between two potential harms: continuing care with the risk that the patient will survive
with unacceptably poor neurological prospects, or
withdrawing care with the risk of allowing the patient
to die, never knowing if they could have recovered.
It need not surprise, then, that there is a strong urge
to reduce the uncertainty underlying this dilemma by
developing and further improving neuroprognostic
tools. In the case of prognostication of patients in
post-anoxic coma, continuous electroencephalogram
(cEEG) monitoring was recently shown to reduce
prognostic uncertainty. It not only provides reliable
predictions of poor outcome, but also enables a robust
predictor of good outcome [12–15]. The promise of
increased certainty also raises expectations regarding
care. If results are more certain, they might (a) provide more clear-cut information for medical professionals, (b) offer better guidance for decision-making,
and (c) be easier to communicate to relatives.
Obviously, a reduction of prognostic uncertainty
is desirable, especially given the high stakes. Moreover, it might indeed positively impact professional
understanding, decision-making processes, and communication. However, past research from philosophy
of technology and science and technology studies has
shown that new technology usually does both much
more than, as well as things different from, what
it is intended to do [16–20]. These broader impacts
can furthermore considerably influence the societal
and ethical acceptability of a new technology. In this
article, we therefore explore the broader, unintended
effects of cEEG-monitoring on care practices in intensive care units (ICUs) and conclude with an inventory
of issues that need to be addressed to ensure responsible development and implementation of cEEG.
We first introduce current practices of prognosticating for patients in coma after cardiac arrest and
the promise of cEEG monitoring and then provide
more background regarding our theoretical framework and methods. We subsequently discuss our
findings, which roughly cluster around three themes:
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the construction of patient outcomes (a); the decision support provided (b) and the communication of
results (c). We show that in each case the increase in
certainty that cEEG offers comes at the cost of newly
emerging uncertainties (often of a different type)
elsewhere. We end by discussing implications for the
design and implementation of cEEG in the ICU.
Neuroprognosticating Postanoxic Coma: Old
Tools and New Ones
For about nine in ten patients, out of hospital cardiac
arrest (OHCA) is lethal [21, 989]. Patients who are
successfully resuscitated usually remain unconscious
in postanoxic coma, meaning coma after oxygen deprivation. When these patients arrive at the ICU they
are sedated, intubated, and their body temperature is
often controlled to prevent fever which could otherwise further brain damage (989). About half of these
patients survive with favourable neurological function
(989). Valid neuroprognostication is vitally important because patients who die after the first twentyfour hours, mostly die from WLST in anticipation of
severe neurological damage (989, 994).
Existing neuroprognostic indicators commonly
include the pupillary reflex test, the corneal reflex test,
and the Somato-Sensory Evoked Potential (SSEP)
test.1 These must be performed at least 72 h after the
arrest (991). All three tests look for a response from
the patient: changes in pupil width after a light stimulus, movement of the eyelid after a touch stimulus,
and electrical activity in the brain after an electrical
stimulus of the wrist, respectively. If such responses
are bilaterally absent, recovery is highly unlikely.
However, these tests only predict poor, not good outcome and only for up to half of patients with poor
outcome [22–24]. In practice this means that in the
vast majority of cases, relatives are told to ‘wait and
see’ whether a patient will wake up.

1
Other imaging technologies like CT and MRI as well as biomarkers (eg neuro-specific enolase, protein S-100B, and the
axonal injury marker tau) can be used to complement the multimodal prognostic assessment but should not be used in isolation [21].

Several studies have shown the added value of EEGmonitoring. Highly malignant EEG after 72 h reliably
predicts outcome for half of the patients with poor outcome [25]. Furthermore, the addition of cEEG enables
an overall prediction for up to half of all patients, in
some studies as soon as 12 to 24 h after reanimation
[12, 14, 15]. The increase in predictive capacity is
largely due to cEEG’s ability to predict good outcome.
The cEEG-based test requires that non-invasive
sensors are attached to the patient’s head, preferably
as soon as the patient arrives at the ICU. These sensors register electrical activity in the brain. The registrations are stored and represented in the form of
graphs on a monitor. This monitor may be at the bedside or available off-site. In order to predict good and
poor outcomes, interpretation of the cEEG graphs
requires that specific patterns are identified. This can
be done in three ways:
(1) qualitative: through visual observation by a doctor (typically a neurologist);
(2) computer-assisted: using human extracted quantitative features to create manmade algorithms
which translate the specific features into a prognostic score;
(3) machine learning-based: (a) including traditional
machine learning in which predictive models are
created after explicit features were provided (b)
including deep learning techniques in which a
neural network is trained to independently predict
without being fed explicit features.
The third option has only emerged very recently
[26, 27]. The predictive value of cEEG slightly varies
depending on the mode of interpretation. Recent publications suggest that computer-assisted interpretation
is better at predicting outcomes than visual interpretation, while machine learning techniques may eventually outperform both [26–28].
In sum, cEEG-monitoring seems to have several
advantages. Its addition to existing prognostic tools
allows for:
– increased reliability of prognostication of poor
outcome
– prognostication of good outcome
– a faster provision of the prognosis (at 12 or 24 h,
instead of at 72 h)
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Based on the evidence available, cEEG monitoring was recently considered sufficiently robust to be
included in the Dutch clinical guidelines for prognostication of patients in post-anoxic coma [29]. Other
countries also increasingly include cEEG in their
multimodal prognostication [30].
Technology: its Performativity and Architecture
Inclusion of the technology in guidelines does not
imply that seamless integration in practice will follow automatically. Technology assessment for the
development of clinical guidelines tends to focus
on a narrow set of outcome measures, linked to the
technology’s intended purpose [31]. In the case of
prognostic technologies, validity, reliability, and predictive value are considered most important in the
decision to implement. As research in science and
technology studies (STS) has amply shown, however,
technologies tend to do much more than intended.
They are performative [32–37]: while aiming to
measure aspects of the world, they also reconfigure
that world. For instance, as we shall demonstrate in
this article, when measuring the state of a patient’s
body, technologies also reconfigure the interaction
between a patient and a doctor, the way health is
experienced, and even the concepts of health and disease themselves.
Several concepts put forward in STS highlight
these performative effects. First of all, Akrich
pointed out that technological devices have a
script that defines, among many other things, roles
and responsibilities of users, what type of actor
can be a user, and what values are important [16].
Moreover, these devices need to become embedded in sociomaterial networks to fulfill their function. As Parthasarathy [18, 38] has shown, what
a test actually is and does depends on the way it
becomes embedded in such a network. Rather than
asking how a test impacts medical and social practices, we should ask how a new testing modality
and existing practices configure each other and
lead to new testing architectures. Finally, answers
to these questions are not always straightforwardly
available when the more complex parts of the
technology are black boxed and only input and
output are visible [39]. We must therefore unpack,
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as much as possible, the ways in which inputs are
turned into outputs.
When considering the desirability of new technologies, the point is that desirability does not depend
only on the effectiveness with which intended aims
are realized. Rather, overall impacts on clinical and
social practices are crucial. To enable timely reflection on the social and ethical desirability of cEEGmonitoring, we must investigate the performative
effects of cEEG in practice.
Fieldwork: Practices and People
Investigating cEEG in practice is possible by looking specifically at ICUs that have already installed
cEEG for research purposes. Although cEEG-based
information in these contexts should not be used for
prognostication due to its experimental status, such
liminal innovation practices [40] already show how
the technology influences—and is itself influenced
by—the sociomaterial network it becomes part of.
Thus, Mertens conducted ethnographic fieldwork in
two Dutch hospitals and, in order to contextualize the
findings in Dutch practice, one hospital in the United
States.2 All three hospitals had introduced cEEGmonitoring for postanoxic patients for research, before
it was included in guidelines for clinical decisionmaking. Over twenty patient cases were followed and
analysed and four were selected for in-depth analysis.
This particular selection was motivated by the empirical insight that concerns greatly varied depending
on the predicted outcome, and even more so in retrospect, when compared to the actual outcome. The
four selected cases thus aimed to capture the widest
possible diversity3 in, and combinations of, predicted
and real outcome (see Table 1), as these variations
offered the greatest variety of concerns.

2

We do not compare the neuroprognotic practices of the
NL and the US as a whole. By only comparing the US practice with regard to the way it implements cEEG as part of the
liminal innovation practice, the comparative component in this
article is substantially limited.
3
Our study contained only one case where cEEG predicted a
good outcome, when the actual outcome was poor. However,
the death of the patient was not due to neurological damage
and therefore, it was not included for in-depth analysis.
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Table 1  Predicted and
actual outcome of the 4 case
studies (*patient names were
changed)

Cases

Prediction based on
existing practice

cEEG-based Actual outcome
prediction

Reinhart
Willems
Vanderbilt
Felts

poor
good
uncertain / optimistic
uncertain / pessimistic

poor
good
poor
poor

To limit contextual variety for comparative purposes, all four cases were taken from the Dutch settings. Since cEEG was part of the research practice, the standard care protocol was followed for
decision-making regardless of the outcome predicted by cEEG. Where relevant, we expand the
comparison with the US practice.
For each case, Mertens held open, semi-structured interviews with the healthcare professionals involved, surviving patients (when possible),
and family members. Twenty-five respondents
were interviewed, including four intensivists, five
neurologists, two rehabilitation doctors, one ICnurse, one technician, two patients, four partners of
patients, and five of their children. Several medical interviewees were also key contributors to the
development of cEEG as a prognostic tool. We
obtained informed consent from all participants.
All interviews were transcribed, personal data were
anonymised, and names changed. Approval was
granted by the Ethics Committee of the University
of Twente and approved by the individual hospitals’ ethics boards.
All data were analysed in Atlas-ti, combining inductive and deductive coding. The starting
point was the question: “what are people concerned
about?” Initially we coded inductively, allowing matters of concern to emerge from the data.
Once we developed a list of concerns, we analysed
mostly deductively. For this article, we focused primarily on concerns related to the new prognostic
technology. Additionally, the observation reports
and interviews comprised the basis for conceptual
analysis of the technology’s performativity. For
valorisation purposes, we presented our findings to
an expert panel and organised a multi-stakeholder
workshop. Participants’ responses were included in
the data set.

passed away after withdrawal of life support
lived without severe neurological damage
lived with severe neurological damage
lived without severe neurological damage

cEEG in Practice: Challenges and Unintended
Effects
We clustered our findings into three groups, each
relating to expectations raised by the increased prognostic certainty cEEG offers:
– test results will offer more clarity about a patient’s
neurological state (a. facilitating interpretation)
– decision-making on individual cases will be easier
(b. facilitating decision-making)
– communication with relatives will be easier (c.
facilitating communication)
In all three respects, our observations of how
cEEG works out in practice indicate that the technology does not fulfill these expectations in a straightforward way.
Facilitating Interpretation (a)
As indicated above, current prognostic tests for
postanoxic coma have low predictive value. The
evidence available shows that the addition of cEEG
improves predictive value and may thus reduce uncertainty. When inquiring how the results of cEEG are
produced in practice, however, it became clear that
in the process many other uncertainties emerge that
need to be addressed. Moreover, the resulting practices inevitably, yet invisibly, embed specific norms
and values. In what follows, we will unpack both
issues by reconstructing what is required to produce
cEEG-based test results.
Identifying Patterns
Prognostication based on cEEG-monitoring requires
identifying patterns. The evolution of patterns over
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Table 2  Categorization of cEEG-patterns to prognosticate patients in postanoxic coma—in Dutch scientific research
Pattern name

Amplitude

Iso-Electric
Low Voltage
Burst suppression

/
< 10 microvolt
< 10 microvolt
& bursts > 10
microvolt
Diffusely Slowed
> 10 microvolt
Normal
> 10 microvolt
Generalised Periodic Epileptic activity
Discharges (GPD)
Epileptiform
Epileptic activity

Dominant frequency

Characteristics or other distinctions

/

No brain activity recorded (flatline)
Amplitude of signal is low
Identical and non-identical bursts are above 10 microvolt, rest is
suppressed

< 8 Hertz
> 8 Hertz

Normal amplitude, but frequency is lower than normal
Continuous activity, normal amplitude and frequency
Discharges occur simultaneously on all channels and at regular
intervals
Constant epileptic discharges

time will form the basis of the prediction. It is not
obvious how these patterns should be distinguished,
however. EEG merely registers electrical activity in
the brain. The main variables researchers look at are
amplitude and frequency of the electrical activity, as
well as (ir)regularities. This process can lead to different categorizations of patterns. Table 2 summarizes categorizations used by the researchers in the
practices we observed.
Willems’ neurologist, also a cEEG researcher,
explains:
“I have to add that these categories, to an extent,
they’re arbitrary. This is just what we’ve come
up with. It isn’t so that these are the generally
accepted categories in which you can classify
the EEG for this patient group, but rather a way
of categorizing.”
He added that there is, for instance, disagreement
whether or not to distinguish between GPD and epileptiform. The relevant categories have thus not
been fully standardized yet. Other research groups,
for instance in the US, Italy, and South Korea, use
slightly different classifications [14, 41]. Accordingly,
there is uncertainty regarding whether the patterns
currently used are the most informative ones. There
may also be other patterns that have not been identified yet.
Classifying EEG‑Measurements
Interpreting the cEEG-measurements also poses challenges. Traditionally, EEGs are interpreted in a qualitative way by looking at the graphs. However, both

13

interrater and intrarater reliability for visually interpreting EEG-patterns are generally low [42, 43]. In
our interviews, this was acknowledged as a challenge
for cEEG-based prognostication:
“The expectations are really high, while in daily
practice... Don’t forget, the average doctor isn’t
capable of interpreting this machine. [...] Our
experience shows that even an average neurologist can hardly interpret.” (Willems’ intensivist)
In the ICU’s studied, this issue was not that pressing; clinician-researchers (in all cases neurologists)
specialised in cEEG were available. However, this
definitely will not be the case when cEEG is implemented in non-research hospitals.
Additionally, it was clear from our observations
that even experts go about interpretation in different
ways. Dutch clinician-researchers would be called to
the ICU to interpret the raw cEEG-patterns by the
bedside, or look at them remotely in their offices.
Either way, they visually assessed the activity at
12 and 24 h after cardiac arrest. There is no standard procedure for this evaluation. The US clinicianresearchers, in contrast, scroll through all data of the
entire 12 h that preceded their shift in an offsite lab.
Unusual patterns, spikes, and flat parts are studied
more closely. Thanks to the addition of video monitoring, they can observe the corresponding activity at
the bedside. Next, for all cases they take a 2 h interval
they consider representative and analyze it in detail.
Finally, interpretations are discussed in detail as a
team.
Obviously, the American procedure is very timeconsuming, labour-intensive, and hard to implement
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Table 3  Cerebral Performance Category Scale and outcome classification
CPC

Activity level

Classification

1—Full recovery
2—Mild Cerebral Impairment

Good
Good

3—Severe Cerebral Impairment

Conscious. Can lead normal life and work. May have minor deficits
Conscious. Cerebral function adequate for part-time work in sheltered
environment, or independent activities of daily living
Conscious. Dependent on others for activities of daily living

4—Coma or vegetative state
5—Death

Not conscious. No interaction with the environment
Brainstem dead or dead by traditional criteria

in non-research hospitals. Dutch researchers are
therefore seeking other solutions. They hope to reduce
interrater and intrarater reliability through computersupport. Advantages of automated analysis are standardization and efficiency. Broadly speaking, there are
two ways computers can be used to analyze the data
from cEEG monitoring. One is as an aid to quantify
differences among measurements, using pre-set rules,
specified by human researchers [28]. The other is
based on machine learning techniques that allow the
computer to identify regularities programmers did not
anticipate. Thus, machine learning may potentially
address the challenge regarding the comprehensiveness and precision of the list of patterns mentioned
in the previous section. Recent publications show that
machine learning techniques could further increase
the ability to accurately predict neurological outcome after cardiac arrest, thus reducing uncertainty
for an increasing number of patients [26, 27, 44, 45].
A major problem with unsupervised machine learning techniques, however, relates to transparency [46,
47]. Human experts can check whether they come to
the same conclusion in particular cases by looking
at the patterns themselves but they would not know
how the computer produced the prediction. Moreover,
machine learning is prone to exacerbating self-fulfilling prophecies4 due to feedback loops. The problem
of self-fulfilling prophecies in neuroprognostication
requires in-depth analysis which we present elsewhere [11, 48].
4
Self-fulfilling prophecies are recognized to be a general
problem in intensive care [56] and in neuroprognostication
specifically, especially for patients after cardiac arrest [57, 58].
Discussing, in this article, the ethical and epistemic challenges
they pose will take us too far afield but we dicuss these problems elsewhere [48].

Poor (roughly since
2006); Good (before
2006)
Poor
Poor

In summary, the work involved in classifying
EEG-measurements requires expertise that will not
be generally available. This poses serious challenges
for the reliability of the resulting predictions, which
researchers hope to tackle by developing computerized assistance. Depending on the technique used,
such computer support may have challenges of its
own.
Linking Measurements to Outcomes
The last step in producing a cEEG-based prognosis
is linking EEG measurements and their development
over time to neurological outcomes. Here, the first
thing to note is that cEEG-based prognosis (like other
prognostic technologies for this patient group) uses
only two outcome categories: ‘good’ or ‘poor’. When
researchers call surviving patients after 6 months or
one year to check their neurological functioning, they
often register outcomes in terms of the 5 categories
on the Cerebral Performance Categories-scale (CPC,
see Table 3 above). This scale classifies functioning
on five levels, which are dichotomized for prognostic
purposes. Recently, there have been pleas to shift to
more fine-grained scales when measuring neurological functioning in research on outcomes after cardiac
arrest [49–51]. However, since it is not possible to
link cEEG-patterns to the 5 categories of the CPCscale, let alone to more fine-grained categorizations
of outcome, results are reduced to two classes: good
or poor outcome.
Evaluating outcomes in terms of ‘good’ or ‘poor’
clearly represents a value judgment, in this case pertaining to a patient’s future neurological state. Interestingly, as Sandroni et al. [22, 151] show, the criteria
used internationally to distinguish good from poor
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have changed over time (see Table 3). Whereas in the
past CPC 1–3 were classified as ‘good’ outcome and
CPC 4–5 as ‘poor’, CPC 3 in the scientific literature
and clinical practice guidelines has gradually come to
be perceived as ‘poor outcome’ [52]. As such, ‘poor
outcome’ before 2006 was generally understood as
referring to vegetative state and death,‘good outcome’
usually referred to normal functioning and moderate and severe neurological disability. After 2006,
most studies included severe disability in ‘poor outcome’. This particular change suggests a shift from
‘regaining consciousness’ as the main criterion distinguishing good and poor quality of life, to recovering sufficient cognitive and motoric capacity to allow
independent daily living.
This points to the question of who should determine what counts as ‘good’ or ‘poor’ quality of life,
and how to draw the line between the two. Since the
shift visible in research also fed into clinical guidelines, it represents at least a change in medical-professional norms. It is less clear to what extent this
professional change reflects a broader shift in societal norms. The results of a national survey presented
elsewhere at least suggest that there may be a divide
between clinician and public perspectives [11]. Even
if the shift reflected the norm, such a shift was probably more clearly present in some countries, rather
than others. Clearly, there is ample room for interesting historical research here.
In summary, even though cEEG-patterns enable
reliable classification of more patients, the categories ‘good’ and ‘poor’ still cover a wide range in outcomes – as they do with existing prognostic technologies. Moreover, the boundary between the two is not
self-evident and has changed over time. Predicting
how a patient will experience the neurophysiological
outcome is far from straightforward, even with cEEGresults predicting what that outcome will be [11].
Rather, the binary outcome measure obscures that
outcomes vary in several respects, for example, with
regard to mental and physical functioning. Moreover,
it obscures that outcomes can be evaluated differently.
While these remarks are not specific to cEEG, they do
put the hopes raised by cEEG in perspective.
In conclusion:
– Prognosis based on cEEG faces several limitations
and uncertainties due to arbitrary pattern identifi-
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cation and variation in interpretations of patterns,
which make its use far from straightforward.
– In practice, these limitations and uncertainties
are addressed by (1) developing extensive interpretation practices requiring expertise and time
which are not widely available, or by (2) developing computer support, the workings of which may
not be fully transparent to users and which may
be hampered by feedback loops – all of which
challenge the reliability of the technology. This
implies, as Parthasarathy [18, 38] also showed in
her discussion of BRCA-testing in the USA and
the UK, that there is not one ‘cEEG-based prognostic test’. Rather, different countries make different choices in how to organize cEEG-testing,
particularly with respect to the roles and responsibilities ascribed to medical professionals and,
more recently, to machines. The various distributions of roles and responsibilities, in this case, are
different responses to the epistemic uncertainty
involved in translating cEEG-patterns into predictions of a patient’s future functioning, which
do not seem shaped so much by national political
culture (as in Parthasarathy’s study) but by differences in ethical culture.
– Interestingly, however, differences in ethical culture are not visible in the way evaluations of predicted outcomes have been inscribed in the technology. cEEG-patterns are classified in ‘good’
and ‘poor’ outcomes in the same way everywhere,
although the boundary between the two changed
over time. Since the basis for this evaluation is not
visible, cEEG, like other prognostic technologies
in postanoxic coma, has an inherent normativity
that is not transparent to users.
Facilitating Decision‑Making (b)
We discussed how cEEG-monitoring produces predictions of ‘poor’ or ‘good’ quality of life. Importantly, results are often uncertain. Our fieldwork
suggests that, even though cEEG definitely provides prognostic information for substantially more
patients, the connection with decision-making for
each prognostic result is far from straightforward.
Below, we highlight why this is the case for each type
of outcome respectively.
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Responding to ‘Poor’ Outcomes
Decisions about whether or not to withdraw life-sustaining treatment requires a combination of normative
criteria and predictive information [11]. The former
entails the question ‘What is a life worth living?’ The
latter requires answering ‘What neurological outcome
is to be expected for this particular patient?’. Above,
we showed how cEEG-monitoring provides the second type of information but also implies a specific
norm as to what is or is not a life worth living. To
be clear, in no way does this imply that this specific
norm is automatically applied to all patient cases.
Physicians have to make a dedicated effort to clarify
how the patients themselves would value their life
with particular limitations.
Legal declarations of which actions should be
taken when the person in question can no longer
express their wishes can be very helpful. However,
since such advance directives are often missing, relatives are usually the most important source of information in this regard. The patient may have explicitly
discussed their preferences. Mr. Reinhart, for example, had talked extensively about his views on a life
worth living. His son recounted that any physical disability was a price his father would be happy to pay if
it meant more time with his family. His father made
it clear though, that if he would no longer recognize
his wife or children, if he would lose the memories
of who they were to him, they had to let him go. To
him, that seemed a fate worse than death. His wife
added that his wish made it impossible for her to keep
him alive even if she wanted to. She felt that would
be selfish. Such clear statements are often missing,
however. Family and physicians then resort to reconstructing a patient’s preferences from their more general views of life and previous experiences.
It is clear that cEEG cannot, and does not aim to,
solve the problem of how to infer which choices a
patient would have made in this particular situation.
However, regardless of how sure relatives are about
what a patient would have wanted, connecting these
views to a cEEG-based prognosis may be challenging. Our observations indicate that both patients and
relatives tend to think about (un)acceptable quality
of life in different and in more nuanced terms than
cEEG-monitoring allows for. This is clear in Reinhart’s case, who made a distinction between physical and cognitive or emotional capacities. Similarly,

Willems insisted that interaction with others was
most important to him. Losing the ability to express
himself, to have meaningful exchanges, he no longer
saw the point to go on living.
Both Reinhart and Willems thus had very specific
damages in mind that to them would make continued living unacceptable. This nuanced way of thinking emerged quite frequently in our interviews and
observations [11]. Yet, even when referring to the
underlying categories of the CPC and abstaining
from the normative judgment of what is a poor or a
good outcome, the CPC categories do not allow for
distinguishing among different types of damage that
are described by the patients above. CPC3, in particular, covers a very wide range of function losses. Thus,
the type of outcome predictions offered by prognostic technologies, including cEEG, would not offer the
qualitative information that our respondents are looking for.5 For now, the precision that our respondents
are interested in cannot be provided. In practice, this
implies that medical professionals have to put a lot of
effort into explaining what a poor prognosis actually
predicts.
Summing up, when cEEG predicts poor outcome,
this does not provide the type of information that
allows linking the prognosis to patients’ and relatives’
views of a life worth living. The technology, like all
other available prognostic tools, thus facilitates decisions about whether or not to withdraw life-sustaining
treatment in a fairly limited way.
Responding to ‘Good Outcome’
One of the specific advantages of cEEG is that it
offers early and robust prediction of good neurological recovery. The recently published new Dutch
national guideline for postanoxic coma states that
“although this information does not yet yield treatment decisions, it is of great value to the treating physicians and the family of the patient” [29].
The value referred to concerns, first of all, the
knowledge that the patient is likely to recover. This
information justifies continuation of life-sustaining
5

We are not suggesting that these distinctions are necessarily
informative for normative arguments about whether or not to
discontinue someone’s life support. Our focus lies on the concerns and considerations that surface in practice, regardless of
whether these lead to morally justifiable decisions.
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treatment, thus pre-empting the need to consider
whether or not to withdraw it. This relieves both physicians and relatives from the heavy burden discussed
in the previous section.
Second, our study showed yet another way to use
good outcome predictions. Many medical respondents indicated they see it as their duty to provide sensible care. One respondent specified that aggressively
treating infections or organ failures in a patient who
may remain in vegetative state seems nonsensical to
them. Our clinical observations revealed that in case
of a good prognosis, in contrast, intensivists find it
self-evident to treat these ailments more aggressively.
In the same spirit, good news could result in more
proactive care decisions aligning with the prediction,
such as stopping the cooling and sedation and aim for
early awakening. Several medical professionals suggested that research ought to be done on the benefits
of early awakening of patients with a good prognosis.
In a nutshell, rather than ‘just’ being good news,
cEEG’s capacity to predict good neurological outcome has multiple values for decision-making. It justifies continuation of treatment and preempts the need
to decide about the life and death of the patient. Moreover, the health professionals among our respondents indicate that there may be unexplored potential
regarding treatment decisions for these patients.
Responding to Uncertain Outcomes
An additional, yet unexpected, effect of cEEG’s
capacity to predict good outcomes is that cEEG now
also creates a more distinctive category of ‘uncertain’
measurements. Existing tests produce a prediction
half of the time but only for patients with poor outcome. For the majority of cases they do not produce
any prediction and for those patients, the advice is
always to ‘wait and see’.6 While cEEG does not allow
for a prediction in only half of all cases approximately, the meaning of the failure to provide a prediction is likely to be different in a number of ways.
First, the meaning of uncertain results in case of
cEEG is qualitatively different because uncertain
6
Technically, this strategy can also be understood as a form
of ICU-test [59] or time-limited trial of intensive care treatment (TLT) [60, 61] but this was never communicated as such.
Other studies confirm this is not unusual. Even when offered,
TLTs are typically not sufficiently discussed [62].
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now implies ‘neither clearly poor, nor clearly good’,
whereas before the lack of a positive test result meant
merely ‘not clearly poor’. Even though physicians in
these latter cases try to temper premature optimism by
making explicit that the lack of a positive test result is
not necessarily a good sign, families nevertheless experience the message of ‘wait and see’ as positive. This
is due to the impact a positive test result has, namely,
withdrawal of life-sustaining treatment and, subsequently, the death of the patient. The fear and anxiety
in anticipation of such bad news fall away temporarily. Vanderbilt’s wife, for instance, was told that if the
SSEP-test predicted poor outcome, medical treatment
had to be stopped. When that wasn’t the case, she said:
“That was again a positive, very weakly positive, sure,
but nevertheless, in the sense that the continuation of
medical [treatment] could take place.” There is a signal, and even if it’s hard to say what that means, there
is reason for hope: at least it is not ‘clearly poor’. With
cEEG’s ability to predict good outcomes as well, even
if the advice for uncertain cases will still be to ‘wait
and see’, it structures the anticipation of possible outcomes in a different way – for both physicians and relatives. The continuous character and the visibility of the
EEG-measurements also contribute to this, as we will
discuss in the next section.
Second, the composition of outcomes in the
‘uncertain’ category changes depending on how many
good and poor outcomes can correctly be identified.
Although ultimate survival to discharge rates show
substantial international as well as regional variation
[53, 54], chances of functional survival after successful reanimation and admission to the ICU, at least
in the Netherlands, are more or less fifty-fifty [15].
This means that without prognostic information, outcome in all patients is uncertain. About half of these
patients will have a poor outcome and the other half
will have a good outcome. Once predictions can be
made for some patients, the ratio of good to poor outcome expectancy for the remaining patients changes.
Before cEEG was implemented the SSEP-test was
able to identify 30–48% of patients with poor outcomes [22–24]. Overall this implies outcome could
be predicted for 15–24% of all patients. Let’s take the
most optimistic view, which is that poor outcome can
be predicted for nearly a quarter of the total population, leaving the prospects of the remaining three
quarters of the population uncertain (see Table 4).
Uncertain at that point means there is up to twice as

Chasing Certainty After Cardiac Arrest: Can a Technological Innovation Solve a Moral Dilemma?	
Table 4  Prediction ratio,
outcome prediction (good/
poor) versus no outcome
prediction (ratio good/poor)

Prognostic ratio

Good / Poor outcome

Uncertain outcome (ratio
good + poor)

No prognostic tools
SSEP
cEEG

0% / 0%
0% / 24%
25% / 25%

100%
76%
50%

much chance of recovery than there is a chance of
poor outcome. These chance calculations (which may
include estimates based on length and circumstances
of reanimation) are relevant in cases where no neuroprognostic information is available—as with patients
in the intermediate category—simply because a decision is eventually made based on probability.
With the introduction of cEEG, however, filtering
out both poor and good outcomes in equal measure
means that chances of recovery for those with uncertain results are back to fifty-fifty. In essence, by filtering out both good and poor outcome, cEEG increases
the ambiguity for patients in the uncertain category to
the situation before any neuroprognostic tests existed.
While these shifts in probabilities do not change the
actual outcome of an individual patient, they can
increase or decrease the clinical dilemma, making
decision-makers more or less confident about what
to do. In practice, all uncertain cases are considered
equally uncertain, and relatives are still told: “We
don’t know, we must wait.” However, as we’ll see in
the next section, both predictive and uncertain measurements are prone to invite interpretation, depending on how visible the continuous measurements
are. Their ultimate impact will depend on how and to
whom uncertain results are made visible.
Finally, the question arises whether cEEG does not
also filter out the very worst and the very best. Patients
for whom cEEG does not provide predictive results
(‘not clearly good, nor clearly poor’) may also be the
patients with the most ambiguous kind of damage, for
example, limited cognitive capacity, including a limited
sense of personhood, while retaining motoric function.
Since this is a hypothesis, further research into the long
term outcome of patients for whom cEEG does not
produce a clear prediction seems advisable. One cEEG
researcher we spoke to confirmed they would be interested in conducting such research. If the hypothesis
would be confirmed, this would justify the development
of dedicated care approaches for this particular group of
patients and their relatives.

= 50% good + 50% poor
= 50% good + 26% poor
= 25% good + 25% poor

Summing up, cEEG does not only predict good
and poor outcome. It also creates a third group of
patients, for whom the lack of cEEG results actually
increases ambiguity and may decrease hope, even
though treatment policy does not change. Pending
further research, specific support for the relatives of
patients in this group may be warranted.
In conclusion, with regard to facilitating decision-making, cEEG does both more and less than
initially expected:
– Although it increases the reliability of predictions of poor outcome, it does not provide the
detailed information stakeholders need for wellconsidered decision-making on WLST.
– On the other hand, cEEG’s predictions of good
outcome does impact treatment and may enable
even more directions for moving forward than
currently acknowledged, for instance, by allowing early awakening or active neurostimulation.
– Finally, cEEG distinguishes a third category
of patients for whom the anticipated future
becomes more ambiguous than before the introduction of cEEG. In particular, this latter effect
is a good example of the performative impact
testing technologies have on the stratification of
patients. Moreover, it shows how this performativity comes with ethical challenges that need to
be addressed in the design of the overall testing
architecture. If pursuing increased certainty for
all comes at the cost of creating more (and possibly different) uncertainty for some, reconsideration of current architectures seems required.
Different elements of the architecture can be
adjusted to deal with this novel uncertainty.
As we will discuss in the next section, whether
decision-making about the intermediate group
requires dedicated support largely depends on
how the information about this category is made
available to relatives and physicians.
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Facilitating Communication (c)
Aside from expecting cEEG to facilitate interpretation and decision-making, it seems reasonable to
expect that communication with relatives about the
patient and how to proceed will become easier once
there is less uncertainty. Yet, our fieldwork shows,
once again, that actual impact on communication
practices may be more complicated and ambiguous
than first anticipated. The continuous character and
bedside location of the EEG measurements in particular pose specific challenges. Two aspects deserve
further discussion: the visualization of measuring
results as well as the timing of communication.
Visualization of Results
Any presentation of results will inevitably have an
impact. As such, no presentation of information is
ever completely neutral. Available information will
be interpreted, and this influences decision-makers’
expectations and, ultimately, their decision-making
process. It is therefore crucial to consider how exactly
specific presentations may help or hinder accurate
interpretations and good patient care.
Traditionally, EEG measurements are visualized
in graphs on a monitor. The use of continuous EEG
implies that the monitor displays results in real time,
like many other instruments at the ICU do. These
may be the traditional graphs (considered ‘raw data’),
analyzed data, or both. The monitor can be at the bedside or elsewhere. The first thing to note here is that
if the monitor is visible for anyone who happens to be
at the ICU, as it was in one of the hospitals where we
observed, this unavoidably invites interpretation. Willems’ wife recounts:
I received no explanations. But I’m quite stubborn,
so I go and look at the machine, to see, what does
this do exactly? And I got that all we can do is wait
at that point. They said so, too. But I also figured,
if there’s brain activity everywhere, even if just a
little bit, then that is at least something. I mean,
the moment I would see straight, flat lines, I would
have rung the bell and told the doctor ‘Hello, there
are 3 straight lines here, that doesn’t seem right to
me. Either that thing is not connected very well, or
there’s no activity. But I would’ve appreciated getting a bit more explanation.
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What interpretations are invited and what impacts
they have depends on the way the monitor visualizes
results. This part of the technology’s design was still
in development when we did our fieldwork, so we
reflected on the different options considered by the software developers and discussed them in a multi-stakeholder workshop. As mentioned above, tech developers
aim to increase intra- and interrater reliability of EEG
interpretation via quantitative analysis. This generates a
number of choices regarding the representation of the
results on the screen. They can be displayed graphically
or with a number, in real-time or refreshed at pre-set
moments. Interpretation can be facilitated by using colour coding. Each choice has specific implications.
Visualization furthermore inscribes who can use
the information offered. The developers consider it
desirable to extend the potential user group beyond
the neurologist, as this facilitates implementation of
the technology. Most hospitals have the equipment for
EEG measurements, but they may lack sufficient neurological expertise. Simplifying the display of patterns
means that other users besides the neurologist can
make sense of the screen, like the intensivist, nurses,
and other medical professionals—but also relatives.
In addition, simplification can be achieved in different ways, with different effects (see Fig. 1). When
the display indicates that the pattern matches a pattern considered relevant (for example by colouring
epileptiform patterns blue), it enables a first descrip‑
tive layer of interpretation by differentiating among
a variety of patterns, without implying how to use
this information. It still takes an expert to grasp what
meaning these distinctions have and how to put them
to use. When the visualization distinguishes patterns
of a quantitative indicator (like the Cerebral Recovery
Index (CRI): a number indicating chances of recovery
[26, 28]) indicating ‘poor’ and ‘good outcome’, it is
predictive and already invites prognostication, which
no longer requires specific expertise. Finally, designs
using a traffic light model to distinguish outcomes
tend to have a prescriptive effect. The colours convey
‘stop’, ‘continue’, or ‘caution’. Now the technology
tells the user what to do with the patient.
The version we observed in practice combined
display of raw, real time cEEG measurements with
options for researchers to pull up other features like
the graphical display of the development of the CRI.
The developers were considering the use of red and
green zones to distinguish good from poor results,
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Fig. 1  Comparison of visualisation designs (1 [55], (2-4)[26])

with uncertain results literally forming a grey area in
between (see image 4 in Fig. 1). Such a design enables
non-expert physicians to infer a prognosis, and thus
facilitates broader use. A drawback is that it also invites
interpretations by people not supposed to use it (not
only relatives, but also nurses and some physicians).
When we discussed our analysis of design options
with a panel of experiential experts, we received conflicting input. Two ICU-nurses criticized the idea of
prescriptive visualisation. They were worried that
families seeing a curve in a red zone would jump to
conclusions. They warned that it would likely raise
a lot of worries and additional questions, giving the
nurses more work. In contrast, the neurologist and
intensivist initially argued that the sooner the family
is aware of the critical situation, the better. Yet, when

it dawned on the intensivist that the green zone might
create high expectations among relatives and potentially set them up for disappointment, the intensivist
agreed that colored zones might not be the best way
to go after all.
Another potential effect of visualization is that the
‘uncertain’ results become more visible than before
and are more likely to be interpreted as having an
‘intermediate’ prognosis. This may reinforce relatives’
(often already present) tendency to look for ‘proof’
of a patient’s improvement.7 In Vanderbilt’s case,
7

In cases of prolonged disorders of consciousness, next of kin
will often look for such proof even after explicit diagnosis of a
poor outcome. The remaining uncertainty is then used to dismiss the validity of the test result altogether [63].
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the family made a video of the patient. It showed the
father lying in bed, reaching out to his daughter with
his arm, seemingly attempting to stroke her face. The
family showed this video to the intensivist, who then
responded, seemingly convinced by the ‘evidence’, by
saying: “The truth is lying in bed”. Hence, care for the
patient was continued. The doctor’s response returned
repeatedly in the interviews with Vanderbilt’s partner and children. It was the point they remembered
as winning a negotiation process. When the monitor
visibly indicates an uncertain outcome, this explicit
ambiguity invites a desire to postpone WLST and
such negotiations may actually become more frequent.
All medical professionals we spoke to agree that trust
and rapport between the physician and family is crucial to reach agreement on treatment decisions. Yet,
the visibility of uncertainty suggests that uncertain
cEEG-based prognoses are a third explicit result next
to the good and poor results rather than no result at
all (merely implying ‘yet to be determined’). As our
example shows, explicit uncertainty can stall expert
decision-making and lead to negotiations that undermine the relationship between physicians and family.
Visualization may also hide certain aspects from
view. In particular, the source of the analysis is
not visible on the screen. For instance, an interface using color-coding could represent a human
steered analysis based on preselected features and
predefined algorithms, or it could be based on deep
learning. The interface would look exactly the
same. As such, the epistemic difference between
the two is opaque to the user. The same goes for
the CRI, which is represented by a number ranging between 0–1.8 Initially that number reflected as
much as possible the experts’ understanding [28].
It was then further developed using machine learning training [26] and most recently is based on
deep learning techniques [27, 44]. Although these
interpretative processes are significantly different,
the CRI user is currently not made aware of this.
Clearly, different visualizations offer different
functions, with different degrees of transparency
for different people which impact how users understand, communicate and use the results. Since different stakeholders will value different functions of the
8
Deep learning does not currently allow a continuous calculation but only one at set times, currently at 6 h and 12 h after
reanimation.
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technology, tradeoffs may be hard to avoid here. As a
start, designers need to consider whether everything
should be communicated to everyone, for all three
outcome types, in the same way, at the same time.
As the family members we interviewed indicated
repeatedly, the way bad news is delivered is key.
Doctors and nurses in an unguarded moment commenting on a patient’s state can cause traumatic
experiences. However, medical professionals can
be attentive and responsive to relatives’ needs in
a way a display never is. Likewise, when medical
staff communicates positive news, they can contextualize and add nuance to the prediction, guarding
recipients for disappointment, in ways that colorcoded graphs on the monitor can’t. Naturally, such
responsiveness also depends on the communicator’s
ability to understand the prediction and the interpretive process that resulted in the prediction. As
we have pointed out, some interpretative methods
prevent such understanding.
In conclusion, although there may be a strong
desire to be transparent about prognostic information, the way this transparency is achieved is even
more important. It is not just a matter of designing
‘transparency’ into the technology’s user interface.
Rather, the interplay of the design and implementation of cEEG on the one hand and communication
with families on the other needs careful consideration. Thinking about design and implementation
in terms of shaping a testing architecture invites
consideration of a broad set of elements that can
be ‘tweaked’ to invite good professional behavior.
It is important, however, to keep in mind the limitations of this way of thinking. Whether a medical professional is actually attentive and caring in
their communication with relatives also depends on
internal dispositions and capacities and the specific
situation.
Timing of Disclosure of Prognostic Outcome
At some point, the physician will discuss the
patient’s prognosis with the next of kin. One of
the promises of cEEG monitoring is that it might
provide a prognosis earlier than existing technologies. Research results thus far show that the technology may indeed provide a reliable prognosis
within 12 to 24 h after reanimation. The current
Dutch and European clinical guidelines, however,
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advice to postpone communication of the prognosis till results from other tests are also available
[29, 30]. This may be quite challenging if the monitor is visible for relatives and the interface easy to
understand. Leaving this issue aside for now, cEEG
raises the question whether it is desirable to inform
relatives who have just heard that their loved one
had a cardiac arrest about the prognosis as soon as
possible?
Generally speaking, our respondents strongly
emphasized the desirability of open communication, honesty, and transparency. Both family members and physicians expressed a preference for full
disclosure of the prognosis as soon as information
is available, even when a technology is still experimental, as Willems’ wife insisted:
“I certainly hope that the moment a doctor or
researcher sees something, that they’ll enter
into conversation with the family or partner of
the patient. ‘Yes, this is experimental research,
this isn’t a given, of course. But we see some
reason for worry.’ That way, you at least create a bit of awareness, as in, keep in mind that
someone doesn’t get out of this the way you
think they will.”
Notice, however, that her reference to ‘reason for
worry’ and preparing for unmet expectations imply
that she is focused on transparency regarding nega‑
tive information. Although early predictions of poor
outcome are more controversial, since they may hasten the death of the patient, simply communicating
the pessimistic prediction helps family prepare for
the worst and is therefore always appreciated. In our
discussions with family and practitioners they seemed
much less sure that communicating early predictions
of good prognosis is desirable as well. Communicating an optimistic prediction, after all, doesn’t have the
same positive effect. Willems’ wife elaborates:
“Personally, I imagine it would be pleasant for
the people around the patient to know ‘we suspect some constraints or disabilities when he
wakes up’. The suspicion of limitations means
you’ll be totally, super happy when the patient
wakes up without limitations. If you have to
wait until someone finally wakes up but then
you’re being told, ‘there are limitations’… It’s
better to be prepared for bad news and get good

news than to think, ‘everything is going well’
and then get smacked in the face later.“
As long as a degree of uncertainty remains, family members indeed see an advantage to hearing an
early negative prediction ahead of time which, if correct, prepares them for the pain and struggle that is to
come, allows them some time for mental and practical
preparation and to say goodbye to the patient. If the
prediction turns out to be incorrect, that would simply be a source of happiness. However, such scenarios require delaying WLST based on the prediction,
long enough for the patient to show signs of recovery.
Family members further indicated that if that decision came too soon, they might reject the prognosis
altogether.
Communicating an optimistic prediction early
on, in contrast, raises expectations which can lead
to disappointment if it proves incorrect, or if the
patient dies from other causes than neurological
damage. In these situations, the chance or time left
to say goodbye may have been reduced significantly.
We observed a similar response in our discussions
with professionals. When asked whether they would
be transparent about pessimistic preliminary findings early on, they only argued about the best way to
deliver the bad news. When the preliminary findings
were optimistic, however, they were reluctant to share
their expectations, unless it could be made very clear
that the prognosis was ‘tentative’. This would guard
the family against overly optimistic expectations
about the outcome.
In contrast to what might be expected, then, early
communication of a good prognosis is not necessarily appreciated. Different prognostic predictions seem
to require different timing. To accommodate this
requirement, both the design of the user interface and
the communication policies that are part of the testing architecture need to be sufficiently specific. Like
before, however, the personal disposition and capacities of the professional play a role that no testing
architecture can fully ‘inscribe’.
Summing up and Looking Forward
In view of the life or death decisions that are being
made, reducing uncertainty regarding the future perspectives of a patient in postanoxic coma is important.
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Providing substantially more patients with a prognosis, as cEEG does, is therefore a desirable aim to pursue. The preceding analysis also shows, however, that
the added value of cEEG in practice is less straightforward than one would expect. Fieldwork in ICUs
where cEEG was implemented for research purposes
indicates that expectations of the new technology’s
ability to facilitate interpretation, decision-making,
and communication, are not always met. Increased
certainty does not necessarily produce 1) clear-cut
information for medical professionals, 2) better guidance for decision-making, or 3) easier communication
with relatives.
1. Regarding information provision, opening up the
work and the choices underlying the production
of cEEG results shows that cEEG faces several
limitations and uncertainties regarding the identification and classification of patterns and how
these are linked to outcomes. The different ways
these issues of reliability are addressed, whether
by additional resources or automation, pose their
own challenges. Moreover, the technology has a
built-in normativity that is rather crude and not
immediately transparent.
2. This built-in normativity has implications for
the way cEEG-results impact decision-making.
Regarding poor outcome predictions, users feel
the resulting prognosis still lacks the level of
detail that they feel is required to decide whether
or not to withdraw life-sustaining treatment. In
contrast, good outcome predictions may actually have more action potential than has been
acknowledged thus far. Most surprisingly, the
technology also produces a new category of
patients for whom the future appears more, rather
than less ambiguous.
3. With regard to communication, the early availability and potential accessibility of the prognostic information can foster, but also hinder,
good communication with relatives. Although
the design of cEEG may suggest that information is transparent to all, relevant nuances and
assumptions are easily overlooked. Regarding
timing, it is important to note that, even though
cEEG provides a good prognosis earlier than
a poor one, early communication of a poor
prognosis may be more desirable than that of a
good prognosis.
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These observations are based on a limited set of
observations and interviews in a limited number
of settings in the Netherlands. We do not claim that
the use of cEEG will always work out in this way.
On the contrary, our comparative investigation of the
liminal use of cEEG in a US hospital shows that, in
other settings, cEEG will be a different technology,
with different impacts.9 Whether the different ways in
which epistemic uncertainty is addressed are somehow related to differences in ethical culture needs
further investigation, especially since the latter do
not seem to impact the way normativity is inscribed.
Our findings do show, however, that this technology
can bring along a number of social and ethical issues
and challenges that need to be addressed to increase
its acceptability. We hope that our analysis demonstrates how approaching design and implementation
of cEEG as the building of a testing architecture helps
to see how many different elements can be adjusted
to avoid or address these challenges. It also helps to
become aware of their interdependency. At the same
time, it is important to remain aware that adjusting
this architecture is not a panacea to prevent inattentive and uncaring professional behavior.
When further developing the technology’s overall
architecture, attention should be paid to safeguarding
reliable interpretations: how to align the design of the
technology, the working procedures to interpret measurements, and arrangements as to who is allowed to
interpret. This includes careful consideration of the (dis)
advantages of human versus machine-supported versus
machine-based interpretation. Different decisions will
come with varying trade-offs for transparency.
Importantly, user interface must be designed and
implemented in such a way that it allows for humanmediated ways and multiple timings of communicating the prognosis with relatives. For some practices,
this may mean that relatives are prevented from seeing the screen altogether.
In addition, efforts must be made to nuance outcome measures, or (as long as this is not possible)
transparency about what outcome categories imply
must at least be increased, to allow for open discussion and for more informed decision-making. Investigating whether cEEG predictions are filtering out

9

Further study is needed to analyse how exactly cEEG will
impact US neuroprognostic practice as a whole.
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the very best and very worst outcomes by examining
the uncertain category is thought to be a worthwhile
endeavor in that regard.
Finally, furthering research on what additional
proactive care can be offered to patients with a good
prognosis, as well as what tailored support can be
offered to patients with an uncertain (or ‘grey’) prognosis and their relatives, would increase the benefits
of cEEG-based prognosis.
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