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1. Introduction
1.1 Definition of hypoglycaemia and its clinical importance
Hypoglycaemia can be defined as an abnormally low blood glucose concentration. This
rather open definition implies that a strict biochemical definition may be easy and
convenient but insufficient. In biochemical terms, blood glucose lower than 3.5 mmol/l will
often be considered low in diabetes patients treated with insulin or oral hypoglycaemia
agents. Both in diabetes patients and in healthy persons, however, spontaneous blood
glucose values lower than this threshold may frequently be measured. Blood glucose values
down to 2.7 mmol/l or even lower with limited or no symptoms can be measured following
long term fasting in healthy humans (Hojlund et al., 2001). Diabetes patients with tight
glucose control and recurrent episodes of hypoglycaemia may lack symptoms of
hypoglycaemia even at very low glucose levels down to 1 mmol/l. Consequently, many
different definitions of biochemical hypoglycaemia can be found in the literature regarding
hypoglycaemia in diabetes.
In clinical terms, hypoglycaemia can be differentiated into mild, moderate or severe events.
Mild hypoglycaemia is present when a diabetes patient experiences symptoms of
hypoglycaemia such as sweating, shivering or palpitations. The patient is able to react
appropriately by eating or drinking and thereby re-establish a normal blood glucose level,
avoiding progression into severe hypoglycaemia. Moderate hypoglycaemia is present when
the patient may or may not experience hypoglycaemia symptoms but may require help to
take action. This could entail simply guiding the patient to eat or drink or a more active
approach of giving the patient the food or drink. Severe hypoglycaemia is present when the
patient loses consciousness and an active medical approach is needed such as glucose
infusion or glucagon injection. The correlation between biochemical and clinical
hypoglycaemia is very poor in type 1 diabetes patients (Pramming et al., 1990).
Events of mild hypoglycaemia are not dangerous per se. Diabetes patients often expect this
to be a consequence of a strict insulin treatment regime. The problem, however, is that
frequent events of mild hypoglycaemia reduce the patient’s awareness of hypoglycaemia,
initiating a vicious cycle of recurrent events and thereby increasing the risk of severe
hypoglycaemic events. Episodes of severe hypoglycaemia are associated with both risk and
fear of recurrent episodes, which may result in the patient striving for a higher glucose
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target, and thereby, increased risk of late diabetes complications. In addition,
hypoglycaemia related visits to the emergency room and hospitalization constitute a heavy
economic burden (Hammer et al., 2009; Lammert et al., 2009). Clearly, there are several
reasons to consider alternative methods of reducing this risk of hypoglycaemia events.
1.2 Sympato-adrenal warning symptoms and hormonal counter regulation
Healthy humans have two major supplementary mechanisms to avoid severe
hypoglycaemia. The first line of defence is the hormonal counterregulation. When blood
glucose falls below 3.5 mmol/l, insulin release will be suppressed and the pancreatic alpha
cells will release glucagon. This results in an increased glucose release from the hepatic
store. Also adrenalin, cortisol and human growth hormone are released as a consequence of
hypoglycaemia and contribute to re-establish euglycaemia. The second line of defence arises
from an activation of the sympathetic nervous system resulting in the hypoglycaemic
symptoms described above. Awareness of these symptoms alerts the patient and enables an
appropriate reaction.
1.3 Hypoglycaemia unawareness
In newly diagnosed diabetes, hormonal counterregulation resembles that of a healthy
person despite the fact, of course, that insulin release cannot be suppressed since this is
externally delivered. With increased duration of diabetes, hormonal counterregulation may
fail. Within five years of diabetes onset, most patients have lost their ability to release
glucagon upon hypoglycaemia. Although the release of human growth hormone and
cortisol may persist, these hormones are less effective and slower acting and do not prevent
the development of severe hypoglycaemia.
With increased diabetes duration the sympato-adrenal activation may likewise fail resulting
in impaired awareness of hypoglycaemia and ultimately, hypoglycaemia unawareness
(Howorka et al., 2000). This is defined by a severe cognitive impairment occurring without
subjective symptoms of hypoglycaemia.
A number of factors contribute to deterioration of the hypoglycaemic defences: Recent
hypoglycaemic events, tight glycaemic control, sleep, a supine position and alcohol
consumption all tend to reduce the hypoglycaemic defences due to the mechanisms
described above, thereby increasing the risk of severe hypoglycaemia (Amiel et al., 1991;
Geddes et al., 2008; Howorka et al., 2000). Approximately 25% of all type 1 diabetes patients
suffer from hypoglycaemia unawareness and most events of severe hypoglycaemia take
place within this group of patients (Pedersen-Bjergaard et al., 2004). The risk of severe
hypoglycaemia is estimated to be five to ten times higher in patients suffering from
hypoglycaemia unawareness (Geddes et al., 2008; Gold et al., 1994; Pedersen-Bjergaard et
al., 2004). The term hypoglycaemia associated autonomic failure (HAAF) has been proposed
for the concomitant lack of counterregulatory hormonal release and the lack of
sympatoadrenal symptoms (Cryer, 2005).
1.4 How to reduce the risk of severe hypoglycaemia
Assuming that the risk and fear of hypoglycaemia is a major hindrance in achieving an
optimal glucose control, all possible efforts should be done to reduce them. The first priority
must be to optimize the insulin regime. Often a thorough interview with the patient
including a review of blood glucose measurements can uncover risk factors for severe
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hypoglycaemic events in the individual patient. Adjustment of the insulin dose and timing
may consequently reduce the risk. Switching from one insulin type to another may ensure a
better convergence between insulin concentration and insulin need. The long acting insulin
analogues insulin glargine and insulin detemir reduce the risk of hypoglycaemia
particularly at night-time (Monami et al., 2009). Use of continuous insulin infusion (insulin
pump therapy) rather than multiple injection therapy has been shown to enable a more strict
diabetes regulation and also a significant reduction in the risk of severe hypoglycaemia
(Pickup et al., 2008). However, severe hypoglycaemia is still a common and feared
complication in type 1 diabetes (Anderbro et al., 2010).
Much effort has been put into the development of continuous glucose monitoring (CGM)
systems. Ideally, CGM will provide a better protection against severe hypoglycaemia by
frequent glucose measurements in the interstitial tissue and alarms based on actual glucose
measurements or prediction algorithms. Large clinical studies have shown that the use of
CGM enables a more tight glucose control without increased risk of hypoglycaemia, but so
far CGM has not been shown to reduce the risk of severe hypoglycaemic events (The
Diabetes Control and Complication Trial, 2009; Bergenstal et al., 2010; Tamborlane et al.,
2008). Still, CGM studies have taught us that hypoglycaemia is much more common than
previously thought and is likely to be significantly underreported (JDRF CGM Study Group,
2010). One shortcoming of CGM is that adherence to therapy seems to decline with long
term use, so use of the device calculated as hours per week was reduced to 35-70%
depending on age group already after six months of use in clinical trials (JDRF CGM Study
Group, 2008).

2. EEG for hypoglycaemia detection
2.1 The concept of an EEG based biosensor as a hypoglycaemia alarm
While hormonal counterregulation and sympatoadrenal symptoms often diminish or
disappear with long term diabetes, the devastating effect of low blood glucose on organ
function persists. The most important dysfunctions arise from the glycopenic effects on the
brain and the heart. Neuroglycopenia results in a gradual loss of cognitive functions. In the
early stage, this may only be apparent during systematic cognitive testing. As the glucose
concentration falls, the cognitive function continues to decline resulting in slower speed of
reaction, blurred speech, loss of consciousness, seizures and ultimately death. The effect of
hypoglycaemia on the heart is less well described but comprises prolongation of the QTinterval which is a known cause of cardiac arrhythmia. In fact death among younger patients
with insulin treated diabetes is assumed often to be related to malignant cardiac arrhythmia.
The blood glucose threshold at which the organ function is affected varies both between and
within diabetes patients. Diabetes patients with tightly controlled blood glucose and
frequent hypoglycaemic events may not be severely affected despite a blood glucose level as
low as 1.5 mmol/l or even lower. This means, however, that just a slight further reduction in
the glucose concentration will result in the serious effects of severe hypoglycaemia.
The concept of a hypoglycaemia alarm based on biosensing involves continuous monitoring
of organ function, a real-time signal processing and an alarm device. Preferably, such a
biosensor should be able to sense subtle change in brain function (e.g.
electroencephalography), cardiac function (e.g. electrocardiography) or any other organ
changes preceding cognitive dysfunction which will preclude the patient from taking action
and thereby avoid severe hypoglycaemia.
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This chapter focuses on the possibility to construct a hypoglycaemia alarm system based on
continuous EEG monitoring and real-time data processing by means of a multi-parameter
algorithm. Such a device may comprise an alternative to self-glucose testing or continuous
glucose monitoring as a guard against severe hypoglycaemia. Analysis of EEG changes as a
predictor of severe hypoglycaemia was already proposed by Regan et. al. in 1956 (Reagan et
al., 1956). Iaione published the development of an automated algorithm using digital signal
processing and artificial neural networks with the aim of developing a hypoglycaemia
detector system, and achieved a fair sensitivity and specificity in the detection of
hypoglycaemia (Iaione et al., 2005). Our aim is to develop this further to a portable real-time
hypoglycaemia alarm device, which can be used by type 1 diabetes patients with
hypoglycaemia unawareness. For such a device to be suitable for clinical use, it must fulfil a
number of criteria: It must have a high sensitivity with low occurrence of false positive
alarms, preferably it should require little or no calibration, and it must be suitable for use
over long periods with minimal discomfort for the patient.
2.2 Hypoglycaemia related EEG changes
The electroencephalogram (EEG) is usually measured on the scalp, using surface electrodes
that are glued to the scalp with conducting gels. The surface EEG represents the electrical
activity taking place inside the brain and originates from the firing neurons, mainly in the
superficial part of the brain. When a neuron fires, a very small electrical charge is released,
which in itself cannot be measured on the scalp. But the macro pattern that appears when
many neurons fire in a synchronized manner, builds up larger electrical signals, which can
be measured on the scalp. When measuring the EEG, all the micro changes in the firing
pattern disappear due to the averaging effect through the scalp, and only the macro changes
remain. The EEG, which is measured outside the scalp, can therefore be used to detect
macro changes in the electrical behaviour of the brain. In general, during daytime, the
healthy brain is less synchronized than during sleep, and only few daytime phenomena can
be characterized and detected. During sleep, the brain is more synchronised and emits many
characteristic wave patterns that reflect the different sleep phases (Iber et al., 2007). Many
brain related diseases, like e.g. epilepsy, do result in synchronization of the brain waves,
which can be seen in the EEG patterns. This is also the case for patients experiencing
hypoglycaemia.
Glucose is an essential substrate for brain metabolism. Accordingly, low blood glucose
resulting in neuroglycopenia can be assumed to result in EEG changes. In the 1950’s, the
first studies of hypoglycaemia related EEG changes (HREC) were published (Ross et al.,
1951; Regan et al., 1956) and already by then, it was proposed that EEG might add
information on whether a patient's blood glucose concentration falls below a critical
threshold (Regan et al., 1956). Pramming et al studied EEG changes during insulin induced
hypoglycaemia in type 1 diabetes patients (Pramming et al., 1988). They found that the EEG
was unaffected when the blood glucose concentration was above 3 mmol/l. Following a
gradual decline in blood glucose the EEG changes became apparent in all the patients. At a
median blood glucose concentration of 2.0 mmol/l the alpha activity (8-12 Hz) decreased
while theta activity (4-8 Hz) increased, reflecting a cortical dysfunction. Importantly, HREC
disappeared when the blood glucose was normalized and a normal EEG was re-established
when the blood glucose concentration exceeded a level of 2.0 mmol/l. It was concluded that
“changes in electroencephalograms during hypoglycaemia appear and disappear at such a
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narrow range of blood glucose concentrations that the term threshold blood glucose
concentration for the onset of such changes seems justified”.
A number of studies have further characterized the EEG-changes associated with
hypoglycaemia (Bedtsson et al., 1991; Bjorgaas et al., 1998; Hyllienmark et al., (2005); Juhl et
al., (2010); Tamburrano et al., 1988; Tribl et al., 1996). Although some discrepancy exists
with respect to the spatial location of the EEG changes (see section 2.4) and the persistence
of these changes after restoration of euglycaemia, it is well established that hypoglycaemia
is associated with an increased power in the low frequency bands. Figure 1 shows an
example of a single channel EEG recorded during euglycaemia and hypoglycaemia during
daytime. Comparing the two signals, it is evident that the hypoglycaemic EEG originates
from a process of lower frequency, which is more synchronized, leading to EEG of higher
amplitude.

Fig. 1. Representative examples of single channel EEG recorded during euglycaemia and
hypoglycaemia in the same person.
Bendtson et al. studied type 1 diabetes patients during sleep and found widespread
occurrence of low frequency waves which could be differentiated from the delta and thetaband by the frequency (Bentson et al., 1991). These changes were only detectable in patients
with lack of glucagon response. This observation has been challenged by our research team
which found EEG changes irrespective of glucagon response (Juhl et al., 2010).
Though the two signals in Figure 1 are very easy to distinguish and the HREC paradigm is
relatively well established, the HREC detection problem is not as trivial as it seems. The
illustrated signals constitute textbook examples, and the exact signal characteristics vary
considerably between subjects – both during euglycaemia and hypoglycaemia. In addition,
many everyday activities induce EEG activity in the same frequency band as the HREC
paradigm. Examples of this are low-frequency deep sleep patterns and broadband noise
signals.
2.3 Long-term EEG recording: scalp vs. subcutaneous EEG
Using the brain as a biosensor for hypoglycaemia detection throughout the day requires a
stable long-term EEG recording system. The usual 10/20 EEG system (Crespel et al., 2005)
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with surface electrodes glued to the scalp is not an option, since surface electrodes are
highly exposed to movement artefact. Therefore, in our setting, the EEG is measured by
electrodes placed in the subcutaneous layer, a few millimetres below the skin, thereby
giving the advantage of being more robust to noise and artefact signals. The subcutaneous
measurements were tested compared to scalp electrodes and were found to be very similar,
showing very high correlation.
In the initial experiments, four single subcutaneous electrodes were placed, while in the
sleep studies a single electrode with three measuring points were inserted in the temporal
area and connected to an EEG device.
2.4 Spatial considerations
In general, EEG patterns have different characteristics depending on the spatial location of
the measurement. While some EEG changes are generalized and apparent on the entire
surface of the brain, some paradigms are only present in smaller areas, which make detailed
measurements in certain locations necessary.
Regarding the spatial distribution of the HREC, some discrepancy exists. The topographic
maximum has been demonstrated to be located in the lateral frontal region during mild
hypoglycaemia. This shifts towards the centroparietal and parieto-occipital region in deeper
hypoglycaemia (Tribl et al., 1996). Hyllienmark et al on the other hand studied type 1
diabetes patients with a history of recurrent hypoglycaemia, and the EEG recording was
conducted during a period of normal blood glucose. They found similar HREC
characteristics as previously described, however predominantly in the frontal region.
(Hyllienmark et al., 2005). In addition, this could indicate that EEG changes in some cases
may become permanent.
In order to be able to detect HREC with a single or a few electrodes we investigated the
spatial distribution of the changes. The hypoglycaemia changes are generally present on
most of the scalp area. The spatial distribution of the artefacts particularly derived from
muscle activity during facial mimicking, eating, eye movement and sleep related
movements, should be taken into account when the optimal electrode placement is to be
defined. In contrast to the HREC, these artefacts are more localized, making the location
important. Artefact related to electrode movements and the mechanics of the electrode
contact are not dependent on the spatial location. The ability to detect the HREC when
artefact signals are present is illustrated in Figure 2, where the HREC signal is detected from
a single electrode channel on five diabetes patients.

Fig. 2. Illustration of the spatial influence on the ability to detect the HREC paradigm. The
red areas in the figure indicate that the HREC paradigm detection performance is high,
whereas green areas indicate low performance.
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Taking into consideration the spatial influence and the electrode type we have chosen the
final measurement location shown in Figure 3.

Fig. 3. Location of the subcutaneous EEG electrode. The subcutaneous electrode is inserted
in a location behind the ear towards vertex cranii between Cz and Pz. The measurement
points are shown in red, giving one differential channel.

3. The development of the algorithm
In the following paragraphs we describe in detail the development of the algorithm, which
distinguishes HREC from normal daytime and sleep EEG. This process required a series of
insulin-induced hypoglycaemia experiments with continuous improvements of the
algorithm and repetitive testing. The series of clinical trials from which the data were
obtained are outlined in Figure 4.
The measurement system used to acquire EEG data, samples the EEG at a sampling
frequency of 512 Hz. The EEG is filtered so that all the frequency components above 32 Hz
are removed, leaving us with a signal bandwidth of 32 Hz and a sampling frequency of 64
Hz for the HREC detection algorithm. The dynamic range of the measured signal is ± 512µV
with a signal resolution (1 LSB) of 1µV. The internal noise level in the analogue data
acquisition system is 1.3µV RMS.

Fig. 4. Illustration of the flow of clinical studies leading to the development of the algorithm.
Continuous optimizations were conducted on the basis of consecutive daytime and sleep
experiments.
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The HREC can be detected by visual inspection by a neurophysiologist, who inspects the
waveforms of the EEG. However, if the EEG of the diabetes patients is to be analysed in
real-time throughout the day this must be done automatically using an algorithm. The
algorithm structure for hypoglycaemia detection is shown in Figure 5.

Fig. 5. Structure of the hypoglycaemia detection algorithm.
Overall, the algorithm works in four sequential levels that process the EEG signal and
determines whether sufficient evidence of hypoglycaemia is present for an alarm to be
triggered. At the first level, the feature extraction process maps the raw EEG into an
appropriate feature space in which it is possible to distinguish HREC from normal EEG. The
second level consists of three blocks, each of which analyses the features to determine if
there is evidence of impending hypoglycaemia, deep sleep patterns, or noise contamination,
respectively. At the third level, hypoglycaemia evidence is rejected when deep sleep
patterns and/or noise are present. Lastly, taking the recent history into account it is
determined whether or not a sufficient amount of hypoglycaemia evidence is present to
constitute an alarm. Each of the algorithm blocks will be described in the following sections.
3.1 Feature extraction
The raw EEG signal waveform can easily be analysed by the trained human eye, which
interprets the shape of the waves and draws a conclusion based on this. However, the raw
waveform representation is not directly interpretable for a machine decision network, which
needs the EEG in a different presentation. The feature extraction part of the algorithm maps
the raw EEG into another form that represents the distribution of different kinds of
waveforms. Since the hypoglycaemia paradigm in EEG is characterized by the existence of
waveforms of specific frequency content, the features calculated are designed to reflect this.
The EEG waveforms are transformed to features by sending the EEG through an IIR filter
bank, taking the 1-norm of the filtered signals, integrating the values in another filter, and
by finally subsampling the integrated signal.
When analysing EEG, the signal is traditionally split into 5 frequency bands (delta, theta,
alpha, beta, and gamma). However, this frequency resolution is not sufficient for an optimal
performance of the hypoglycaemia detection system.
Our IIR filter bank consists of 32 filters where each filter has a bandwidth of 1Hz and a subband attenuation of 30 dB or more. In Figure 6, a 20-minute sample of EEG is represented in
feature space.
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Fig. 6. Feature space representation of an EEG signal during a transition from euglycaemia
(first 10 min) to hypoglycaemia (last 10 min), where HREC’s are present. It is evident that a
strong 7-8 Hz activity is present during hypoglycaemia in this sample.
We will see later (Figure 9) that many of the filter bands are irrelevant for the overall
performance of the algorithm, but all bands have been included here to give a better
understanding of the importance of each band. It should be noted that the fast Fourier
transform (FFT) algorithm could easily substitute the IIR filter bank, if the process memory
requirements are of no concern. Each filter in the filter bank consists of four sequential direct
form-2 transpose 2nd order filter sections (Van den Enden et al., 1989). The direct form-2
transpose filters maintain the dynamic range of the signal in the fixed-point filter structure
that we have chosen.
The output of the filters are normalized by the 1-norm and then integrated over a certain
amount of time to get an estimate of the signal energy during this time period. We have
used an IIR filter to facilitate the integration, which is a processing-wise cheap way of
carrying this out. The integrator remembers the history approximately one second back in
time. The integrator output is finally subsampled into a 1 Hz feature interval to eliminate
redundant information. In this manner, feature vectors representing 1-second epochs are fed
into the classifier.
3.2 Classifying evidence of hypoglycaemia
An important part of the algorithm is the classifier, which determines if there is evidence of
hypoglycaemia in a small part of the EEG signal. The classifier bases its judgment on the
extracted features, which represent the statistical properties of the EEG during 1-second
epochs. The classifier combines the input statistics in a mathematical expression that results
in either a “1” if the EEG has a hypoglycaemia pattern or a “0” otherwise.
There are many ways of setting up the mathematical classifier expression, and depending on
this expression, the ability to classify the hypoglycaemia pattern varies. We have
experimented with different kinds of classifier methods and found that the performance
variation between them is small. The more advanced non-linear classifiers like support
vector machines (SVM) (Joakims, 2002) and artificial neural networks (ANN) do however
have small performance advantages over the more simple classifiers such as linear classifiers
or the Bayes classifier with a Gaussian kernel (Bishop, 1998).
Based on our results, we have chosen to use a two-layer feed-forward ANN classifier
structure to do all classification tasks in the hypoglycaemia alarm system. The ANN has a
number of hidden units and uses the tanh sigmoid function for non-linear mappings.
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Fig. 7. Structure of the artificial neural network that detects HREC. It consists of a number of
inputs and hidden layers, but only one final output determining whether or not the input
epoch contains HREC.
The input layer values (x0 - x5) contain the feature values, where x0 is a bias. The ANN
classifier expression is shown in equation (1),
 Nh
 Ni




y n = a  z h g  w h ,ix n ,i 



 i= 0

 h= 0

(1)

where xn,i is the input feature number i at time n, wh,i is the input feature weight for the
mapping to the hidden unit h, Nh is the number of input features, g is the nonlinear
mapping function (tanh), zh is the output weight for the hidden unit h, Nh is the number of
hidden units, a is the output activation function and yn is the classifier output at time n. In
our setting, the output activation function is simply a logic expression that determines
whether or not the contained value has exceeded a threshold. The output yn is shown as “1”
if a HREC is detected, or otherwise, as “0”.
3.3 Classifier training
The optimal parameters of the classifier (wh,i and zh) can be estimated by using the backpropagation method (Bishop, 1998), based on a training set of labelled data points. We have
used a neural network toolbox that applies a maximum a posteriori approach when finding
the optimal weights (Sigurdsson et al., 2002). The precise classifier parameter optimization
approach is of little importance in this application. Instead, the data labelling method
impacts the classifier performance more. We have experimented with two data labelling
approaches, where the first approach is based on expert labelling of experiment data, and
the second approach is a flexible automatic labelling based on standard experiment
parameters.
In the first data labelling approach, a neurophysiologist labelled a training set of EEG data,
based on visual inspection of the raw EEG. The visual inspection is rather time consuming
and is not feasible when larger amounts of data are used for training of the classifier. During
the process of marking the data, the neurophysiologist was blinded to the timeline and
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associated blood glucose sample values that had been measured while sampling the EEG.
The neurophysiologist only knew that the EEG originated from a diabetes patient where
both euglycaemia and hypoglycaemia situations were present in each experiment EEG
dataset.
The second approach to data labelling is automatic and based on parameters that are
associated with the experiment timeline and glucose values measured during the
experiment. One direct advantage of using this approach is that all data can be used for
modelling, and not just the data marked by the neurophysiologist. This allows for better
modelling of the inter-subject variability. When using the second approach, the labelling is
not predefined. Instead, time intervals with different reward functions are defined. Within
such a time interval, the number of positive and negative labels rather than the exact
timestamp of the label is used to determine the cost function of the classifier model. The
time segments with different reward functions are shown in Figure 8, where β is the glucose
threshold of 3.5 mmol/l that determines when an alarm may, but not necessarily will, be set
off. T0 is the point in time when cognition has deteriorated too much for the subject to be
able to react to an alarm, T0-τ is 10 minutes prior to T0 and TGL<β are the times where the
glucose level passes the threshold of 3.5 mmol/l.

Fig. 8. Reward function time segments used to train the classifier.
In segment A and E, the classifier cost function is punished for detecting HREC, while
rewarded in segment B and C. In segment D, the classifier is neither rewarded nor punished
for its behaviour. The exact expression for the cost function is given in equation (2).

 
 
 

C = − y n  +  y n  +  2 y n  −  y n 
A
 B
  C
 E


(2)

When the cost function expression is applied to a linear classifier with a single hidden unit,
and optimized, we get the basic influences of the features. The classifier input weights wh,i
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show the importance of each feature. In Figure 9 the weights are shown for the linear
classifier.

Fig. 9. Coefficients of a linear HREC classifier.
Many of the coefficients have small values and could be disregarded and many features
could be joined since they have similar influence on the classifier output. It is evident that
the HREC paradigm is characterized by high 6-8 Hz activity and some alpha activity.
3.4 Integration of evidence
Single events detected by the classifier do not make up sufficient evidence to trigger an
alarm. The brainwaves are contaminated with noise and artefacts, leading to false
detections. Furthermore, brainwaves similar to those seen during hypoglycaemia also
appear sporadically during euglycaemia. It is therefore necessary to take the history of
detected events into account before giving a hypoglycaemia alarm. We used the history by
integrating the events that were detected during the past 10 minutes. The integrator is
implemented as an IIR filter which makes it computationally cheap while only consuming
little memory. The integration structure is shown in Figure 10.

Fig. 10. Filter structure used for integration of evidence.
The coefficients P1-P8 are set to make the resulting time-function resemble a 5-minute
square window. The shape of the integrator can easily be changed to have different weight
and time perspectives, by changing the coefficients.
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An example of the integrator output is shown in Figure 11, where a diabetes patient
undergoes hypoglycaemia and recovers from the situation.

Fig. 11. Example of integrated evidence of the HREC. The red dots are blood glucose sample
values sampled during the experiment. The solid line shows the value of the integration
function, which alarms the subject when exceeding the predefined threshold of 2.5. The
lower graph displays the events. One red vertical line represents an epoch in which HREC is
detected.
3.5 Deep sleep algorithm
Initially, the hypoglycaemia algorithm was based on EEG from daytime experiments only.
Figure 12 shows the output when it is applied on EEG recorded during sleep. The result is
repeated detections of EEG changes compatible with hypoglycaemia during the night.

Fig. 12. Integrated events of EEG changes compatible with hypoglycaemia in a diabetes
patient exposed to hypoglycaemia during the daytime and continued EEG recorded during
sleep. The algorithm clearly detected repeated episodes during sleep as being consistent
with hypoglycaemia.
Nocturnal hypoglycaemia thus encompasses a distinctive challenge with respect to a
hypoglycaemia alarm. Not only do approximately half of all hypoglycaemic events take
place during sleep (Woodward et al., 2009), but also the nocturnal EEG is distinctly different
from the daytime EEG. During stages of deep sleep, the EEG pattern is characterized by
slow wave patterns much like the hypoglycaemia EEG. It is therefore a challenge to
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distinguish deep sleep EEG patterns from HREC. In order to suppress falsely detected
hypoglycaemia events, we used a learning process that is similar to learning the HREC to
construct a classifier that can detect when deep sleep patterns are contaminating the EEG
signal. It should be noted that during the 27 insulin-induced hypoglycaemia night
experiments that we have conducted so far, no deep sleep patterns have been present
simultaneously with HREC.
3.6 Noise and artefact suppression
In an everyday life environment, the presence of noise and artefacts is substantial. Some of
these operate in the same frequency band as the HREC, potentially leading to false alarms.
Figure 13 shows an example of a false alarm detected during euglycaemia and normal
daytime activities. The false alarm is caused by muscle activity when chewing. Many other
daytime activities also come close to setting off false alarms.

Fig. 13. Integrated HREC evidence during normal everyday activity. A false alarm is
declared just before 20:00.
In order to suppress falsely detected hypoglycaemia events due to noises and artefact, we
have constructed a classifier that can detect when noise and artefacts are contaminating the
EEG signal using a learning process similar to learning the HREC. When this noise/artefact
detection system is applied to the algorithm, the false alarm in Figure 13 is removed, and
other false events are handled. The result is displayed in Figure 14. The integrated evidence
is now generally lower during the normal situation, allowing us to make the HREC classifier
more sensitive.

4. Clinical results
The following paragraph will focus on the clinical studies we have conducted. The focus of
these studies has been the development of the algorithm for an EEG-based hypoglycaemia
alarm device. The results we have achieved give an indication of the clinical applicability of
the device. Here we will briefly summarize the results from the clinician’s point of view.
Altogether, we have studied more than 50 patients. An important observation is that all
patients studied so far have developed EEG changes compatible with previously described
hypoglycaemia associated changes. This has allowed us to develop a general algorithm for
EEG analysis, which can be applied to all diabetes patients.
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Fig. 14. Integrated HREC evidence after suppression of noise and artefacts. The vertical lines
in the lower graph display the detected hypoglycaemia (red) and noise (green) events.
Initially, continuous EEG was recorded during insulin-induced hypoglycaemia experiments
in 15 type 1 diabetes patients during daytime. Four subcutaneous electrodes located in the
temporal region were applied along with a standard scalp 10/20 system recording. The
cognitive function was evaluated by repeated cognitive testing (a backward counting test
and a minus-seven test). Insulin infusion was terminated when plasma glucose reached 1.8
mmol/l or when the subjects showed obvious signs of cognitive dysfunction such as
severely reduced speech velocity or heavy sweating. EEG was analysed post hoc by the
automated mathematical algorithm. HREC were detected in all 15 subjects. Plasma glucose
at the time of EEG changes above the threshold value indicating hypoglycaemia, ranged
from 2.0 to 3.4 mmol/l and occurred 29±28 minutes (mean±SD)(range 3 – 113 minutes)
before termination of insulin infusion. In this study, patients did not receive a real-time
alarm, and therefore, it is not possible to state if they would have been able to react
following an alarm. In 12 of 15 patients, however, EEG changes occurred before severe
neuroglycopenia was apparent as evaluated by the cognitive testing. In three cases, the
patients were moderately cognitively impaired at the time of EEG changes, they were,
however, still awake. The presence and the time of alarm were independent of age, diabetes
duration and glucose regulation (Juhl et al., 2010). Although this study did not prove that an
alarm could be given in time for the patient to react, it indicated that it would in most cases.
Due to the characteristic EEG pattern during sleep, occasionally resembling HREC, it is
essential to study the applicability of the algorithm during sleep. Initially, we performed a
number of pilot experiments in type 1 diabetes patients exposed to insulin-induced
hypoglycaemia during sleep. The original algorithm was trained on these data, and the
algorithm was optimized to distinguish hypoglycaemia from deep sleep. Ten type 1 diabetes
patients (mean age 47 years, diabetes duration 23.7 years, HbA1c 7.5%) all suffering from
hypoglycaemia unawareness, were subsequently subjected to induced hypoglycaemia by
graded insulin infusion both during daytime and during sleep at night-time. EEG was
recorded from a single electrode with three measurement points placed subcutaneously in
the temporal region and was analysed real-time. The patient received an auditory alarm
when EEG-changes met a predefined threshold. The patients were instructed beforehand to
consume a sandwich and a juice at the time of alarm. Figure 15 illustrates the procedure of a
night experiment.
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Fig. 15. Representative example of a night-time experiment. The upper panel shows the
blood glucose profile (red circles) and the curve for integrated EEG-events of
hypoglycaemia (black line). The integration curve rose steeply following hypoglycaemia.
The patient received an alarm at blood glucose 1.8 mmol/l, where the integration curve
crossed the threshold (blue dotted line). Blood glucose increased following ingestion of the
meal, and the integration curve normalized accordingly. The middle panel shows the sleep
stage according to AASM scoring. The patient clearly went through all stages of sleep
during the night. After a short awake period following the hypoglycaemia event, the patient
went back to sleep. The lower panels show two-second epochs of EEG while awake (B),
REM sleep (D), stage three sleep (A) and hypoglycaemia (C).
If blood glucose fell to 1.7 mmol/l without triggering the alarm or if the patient was not able
to react at the time of the alarm, hypoglycaemia was ceased by glucose infusion. The alarm
was triggered for seven out of nine patients during daytime (mean blood glucose (BG) 2.7
mmol/l). Six of these seven patients were able to reverse hypoglycaemia by carbohydrate
ingestion. During sleep, the alarm was triggered in nine out of ten subjects (mean BG 2.0
mmol/l) and eight awoke due to the alarm. Four corrected hypoglycaemia by food ingestion
(mean BG 2.2 mmol/l) while the remaining four (mean BG 1.9 mmol/l) were supplemented
with glucose due to cognitive impairment. Two events of false alarm were observed. EEG
was also recorded from surface electrodes placed according to the 10/20 system and
analysed by the American Academy of Sleep scoring manual to determine sleep stages (Iber
et al., 2007). HREC occurred irrespective of the sleep stages and seemed to overrule
physiological sleep related patterns.
By post hoc improvements of the algorithm (e.g. inclusion of hypoglycaemia evidence
rejection due to deep sleep patterns and/or noise artefacts) it was possible to detect
hypoglycaemia in all patients, while eliminating the false alarms. In addition, hypoglycaemia
could be detected on average three (daytime experiments) and six (sleep experiments) minutes
earlier than with the original algorithm, improving the sensitivity of the alarm.
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Overall, it seems possible to detect hypoglycaemia in diabetes patients irrespective of the
time of the day, duration of diabetes, awareness status and hormonal counter-regulation.
The core question is whether this detection precedes serious cognitive impairment, allowing
the patient to react. This is currently being tested in clinical trials.

5. An EEG based hypoglycaemia device for permanent use
The EEG based hypoglycaemia alarm system consists of two main parts: An implanted
device that captures the EEG signal, and a non-implanted device, which stores and
processes the EEG signal. This is illustrated in Figure 16.
The inner device is implanted subcutaneously, with the main part behind the ear and the
electrode pointing towards the top of the head. The electrode has three measurement points,
a length of 8 cm and a diameter of 1.1 mm.
Data is transmitted from the inner device to the outer device through a near field
communication link. Therefore, the two devices have to be closely aligned for the system to
function. The outer device is designed as an ear hanger, illustrated on the right panel of
Figure 16. It is therefore easy to wear with a minimum of discomfort for the user. The outer
device contains a sound generator and a light indicator to inform the user of critical events,
e.g. impending hypoglycaemia.
The outer device contains a power source. When the outer device is placed behind the ear,
the power source is shared with the inner device through the communication link. When the
power source in the outer device is depleted, it must be recharged in a charging station. A
full recharge allows for approximately 18 hours of use.

Fig. 16. The EEG based hypoglycaemia alarm system consisting of an inner and an outer
device.
The implantation procedure is simple and takes approximately 15 minutes. The implanted
device must be replaced only after two years of use.

6. Conclusion
Type 1 diabetes patients suffering from hypoglycaemia unawareness are significantly
disposed to episodes of severe hypoglycaemia. This is associated with a risk of glucose
metabolic dysregulation and a reduced quality of life (Anderbro et al., 2010; Barnard et al.,
2010; Frier, 2008). Despite self-monitoring of blood glucose, the use of insulin analogues and
increased knowledge of the mechanisms of unawareness, the risk of hypoglycaemia remains
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a major barrier to optimized glucose control. If just one of the two components of
hypoglycaemia associated autonomic failure (Cryer, 2005) (i.e. hypoglycaemia unawareness
or reduced hormonal counter-regulation) could be re-established, these patients would be
much less prone to severe hypoglycaemia.
The initial clinical studies of continuous EEG recording and real-time data processing
during insulin-induced hypoglycaemia in type 1 diabetes patients indicate that it will be
possible to predict incidents of severe hypoglycaemia before the patients are severely
cognitive impaired both during daytime and sleep. The studies conducted so far, though,
have taken place in clinical research units. We are now testing the hypoglycaemia alarm in
an out-patient setting.
It is of utmost importance that an alarm device has a high sensitivity and specificity. False
alarms may be annoying to the patients yet they are not dangerous. Missed alarms, on the
other hand, may render the patient with a false feeling of security. On the other hand, a
sensitive and reliable alarm device will allow the patient to achieve a better glucose control
with less fear of hypoglycaemia events. The studies conducted so far hold promises that an
EEG based device might fulfil these goals.
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