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Abstract

Background: Hypoglycemia refers to the condition in which the blood glucose is

severely below normal level. Hypoglycemia can cause difficulties to talk,

headache, irritability, anxiety, confusion, convulsions, seizures, unconsciousness,

and even death. These symptoms are a consequence of insufficient supply of

glucose to the brain. It has previously been demonstrated that hypoglycemia

results in characteristic changes in the electroencephalographic (EEG) signals

recorded from electrodes on the scalp. Scalp EEG is not suitable for continuous

measurements, due to its obtrusive nature and limited capabilities for monitoring

in real-life environments. The objective of this study was to asses the feasibility of

detecting hypoglycemia-induced episodes using EEG signals recorded with

dry-contact in-ear electrodes, which are discreet, have the potential for long-term

EEG monitoring in real-life situations, and provide similar information to that

recorded with scalp EEG.

The data from 5 diabetic subjects were used for this study. Six ear-EEG

channels recorded from dry-contact iridium oxide electrodes fitted the right ear,

and channels C3, Pz, T7, and T8 were used for the analysis and classification

procedures. A Support Vector Machine (SVM) with a linear kernel was used to

detect the hypoglycemic episodes, using a normalized measure of the total power

of the θ, α, β, and γ frequency bands as features.

Results: The results showed that there were no statistical differences between

the sensitivity and specificity of the contralaterally referenced scalp-scalp and

ear-scalp EEG channels. Contralaterally referenced channels showed an average

sensitivity over all 5 subjects ≥90%, SD≤10% and an average specificity over all

5 subjects ≥82%, SD≤24%. The sensitivities and specificities obtained with the

data from the ipsilaterally referenced ear-ear EEG channels did not exceed chance

level.

Trial registration: ClinicalTrials.gov NCT03022058. Registered 13 December 2016

https://clinicaltrials.gov/ct2/show/NCT03022058?term=uneeg&draw=3&rank=12.

Keywords: Hypoglycemia detection; ear-EEG; wearable EEG;

Electroencephalography (EEG)
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Background

The near-normalisation of glucose levels has become an established goal in diabetes

treatment in order to reduce the risk of late complications such as neuropathy,

retinopathy and cardiovascular diseases [1]. Hypoglycemia is the most common ad-

verse event associated with insulin treatment in subjects with diabetes [2]. The

fear of hypoglycemia discourages subjects from maintaining tight glycemic control.

Hence, only a minority of the subjects reach the defined goal of glucose control,

leading to increased diabetes related morbidity and mortality [3]–[4].

Electroencephalography (EEG) is an electrophysiological monitoring method to

record electrical activity of the brain. This activity reflects the brain’s functional

state.

The brain is critically dependent on a continuous supply of glucose, and when the

glucose level is lower than the metabolic requirements of the brain, brain function

deteriorates. Neuroglycopenic hypoglycemia in insulin-treated subjects with dia-

betes is associated with characteristic changes in EEG, dominated by an increase in

theta activity [5]. These changes are clearly seen at blood glucose level of less than

∼ 3.4 mmol/L [6, 7] preceding the development of severe cognitive dysfunction [8].

The EEG changes seem to be present irrespective of age, diabetes duration and

awareness status towards hypoglycemia [9]. Detection of EEG changes thus consti-

tutes a basis for a biosensor alarm for hypoglycemia detection [10].

Ear-EEG is a method for recording EEG from electrodes placed in and around the

ear [11, 12, 13]. The method was mainly developed to enable EEG recording in an

unobtrusive and discreet way in the user’s everyday life, thereby enabling real life

brain monitoring [14]. The feasibility of the method has been established through

well-known event-related potentials such as auditory evoked potentials [15], P300

[16], auditory steady-state responses (ASSR) [17, 18] and mismatch negativity [18].

Ear-EEG has been applied to a variety of medical applications including hearing

threshold estimation [19, 17], epileptic seizures detection [20], sleep staging [21, 22]

and brain-computer interfaces [23, 24, 25].

The main advantage of ear-EEG is the potential for developing discreet and user-

friendly devices enabling real life brain monitoring. However, the majority of pre-

viously published results were recorded with wet electrodes requiring application of

electrode gel or similar electrolytes. To advance the user-friendliness and comfort
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of ear-EEG devices, it has recently been demonstrated that ear-EEG signals can be

recorded using dry-contact electrodes embedded on a customized earpiece [26].

A potential medical application of an ear-EEG system is the detection of

hypoglycemia-induced changes in the EEG in subjects with Type 1 diabetes. To

our knowledge, no studies have investigated the detection of hypoglycemic episodes

by use of ear electrodes. While a finger prick test accurately measures the blood

glucose level, it does not provide continuous measurements, thus the user must be

proactive, and hence it is unreliable as a hypoglycemia alarm. Recent studies have

indicated that the use of continuous glucose monitoring (CGM) reduces the risk

of severe hypoglycemia [27, 28]. However, some find these devices troublesome to

use. Observational data show that only a small percentage of subjects with Type 1

diabetes are using CGM on an ongoing basis [29]. Thus, there is a medical need for

a reliable hypoglycemia detection device which is easy and convenient to use.

This clinical study aimed at investigating the feasibility of detecting hypoglycemia-

induced episodes using ear-EEG, and to compare these results with those achieved

using EEG recorded from scalp electrodes.

Materials and Methods

Subjects

Five subjects between 37-70 years old (1 woman and 4 men), diagnosed with Type

1 diabetes for ≥ 5 years, were included in this study[1]. All subjects gave their

written consent to participate in the experiment. Exclusion criteria were severe

cardiac disease, uremia, liver disease, epilepsy, known or suspected abuse of alco-

hol, or neuroactive substances, cochlear implants, narrow or malformed ear canal,

pregnancy, subjects that were incapable of understanding the subject information,

or subjects using any of the following drugs: Chemotherapeutic drugs of any kind,

methotrexate, third generation anti-psychotic drugs (aripiprazole, quetiapine, cloza-

pine, ziprasidone, paliperidone, risperidone, sertindole, amisulpride, olanzapine).

Ear-EEG Device

Ear-EEG were recorded from customized silicone earpieces with 6 iridium oxide

(IrO2) dry electrodes embedded on the surface [26, 12]. The earpieces were manu-

factured using bio-compatible materials.

[1]Nine subjects participated in this experiment, but the EEG data from four of them contained
a large number of artifacts due to cable movement, and/or no data due to poor electrode contact,
and therefore they were not included in subsequent data analysis.
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EEG Recordings

All scalp EEG and ear-EEG were recorded concurrently using a Mobita amplifier

(TMSi, The Netherlands), with a sampling frequency fs = 2000 Hz. The same

type of IrO2 electrodes were used in the earpiece and on the scalp. To assist the

positioning of the scalp electrodes, the electrodes were embedded into a cap (ECI

Electro Cap), modified with two holes for the ears to pass through.

Twenty-four scalp electrodes and six ear electrodes were recorded using the Mobita

amplifier. Scalp electrodes were placed according to the international 10/20 system

(Fp1, Fpz, Fp2, F7, F3, Fz, F4, F8, FT9, FT10, T7, C3, Cz, C4, T8, P7, P3, Pz, P4,

P8, O1, O2, M1, M2), and conductive electrode gel (ECI Electro Gel) was applied

from the outside of the cap. Six dry-contact electrodes were mounted in both a left

and a right custom-made soft earpiece according to the scheme proposed in [12]. The

electrodes covered both the ear canal and the concha region of the ear. The right

ear electrodes, labelled ERA, ERB, ERC, ERF, ERK and ERT, were connected to

the same am plifier as the scalp electrodes. The left ear was reserved for validation

of a proprietary amplifier, which did not have galvanic connection to the Mobita

amplifier; the recordings from the left ear electrodes were not used in the analysis

presented in this paper.

Glucose Control Paradigm

All five subjects had normal meals previous to the experiment. Intravenous catheters

were inserted in both antecubital veins for injection of insulin, infusion of glucose

and blood glucose measurements. Glucose solution 200 g/L was readily available

in case the subject needed instant glucose infusion. In order to assure collection of

good quality EEG “baseline” data, EEG were recorded in the normoglycemic state

(5–6 mmol/L) for ≥ 1 h before inducing hypoglycemia. For the insulin infusion

procedure, 10 ml of the subject’s blood was mixed with 500 ml isotonic NaCl (9

g/l) for 10 min. Subsequently, 50 IU Actrapid (100 IU/ml, Novo Nordisk) was added

and the solution was mixed for 30 min. If needed, glucose was given orally to keep

the range. However, the normoglycemic range was expanded for some subjects.

Following at least 1 h of normoglycemia a gradual decrease in glucose infusion was

to be performed to obtain a steady decrease in plasma glucose of 3 mmol/L/h.

Glucose infusion was only given when the experiment was terminated.

Blood glucose was measured at least every 10 min until it reached 5 mmol/L, and

thereafter at least every 5 min. The experiment was terminated when:

1 Blood glucose <1.8 mmol/L by two consecutive measurements
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2 The subject was severely affected by hypoglycemia (signs of neuroglycope-

nia such as speech velocity, alertness, unable to count backward or signs of

adrenergic reactions, i.e. shivering and sweating)

3 The subject wanted to discontinue the procedure

4 If the investigator found that continuation of insulin infusion and further

lowering of blood glucose would compromise the safety of the subject

The subject continued to stay at the research unit for 1 hour after the hypo-

glycemia procedure had been stopped, the blood glucose had been >5 mmol/L for

at least 30 minutes and the subject was cognitively intact.

Hypoglycemia labeling

The EEG segments recorded during the normoglycemic state were labeled accord-

ing to the blood glucose measurements (blood glucose >5 mmol/L) and the hy-

poglycemia episodes were labeled by an expert from UNEEG medical, based on

visual inspection of the C3-Pz time-frequency plots. The expert did not have ac-

cess to the ear-EEG data, and did not participate in neither the signal processing

nor the classification process. Normoglycemic segments were label as “non-hypo”,

hypoglycemic segments were labeled as “hypo”, while all remaining segments were

labeled as “unlabeled” as shown in the bottom plots of Figures 1 and 2. Table 1

shows the number of normoglycemic, hypoglycemic, unlabeled, and rejected seg-

ments for channel ERK-T7 and all 5 subjects.

Data Sets

Each data set was a subset of 32 EEG channels (6 right ear ear-EEG and 24 scalp

EEG). These EEG time series correspond to a normoglycemic segment followed by

a hypoglycemia segment. Three different data sub-sets were used in this analysis:

1 Four bipolar ear-scalp EEG channels, namely ERF-T7, ERK-T7, ERF-T8,

and ERK-T8. The results obtained with the data collected from ERK-T7 and

ERF-T7 will serve as an indicator of how crossed ear-EEG channels would

perform.

2 Two bipolar scalp-scalp EEG channels, namely C3-Pz and T7-T8. The results

obtained with the data collected from these channels will be used as reference

for the ear-scalp bipolar channels.

3 Right ear-EEG bipolar channels ERK-ERT, ERF-ERT, ERA-ERT, ERK-

ERF, ERK-ERA, ERK-ERB, ERF-ERA, and ERF-ERB. There were 15 pos-

sible bipolar combinations, but only 8 of them were available for 4 of the 5

subjects.
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EEG data from each of these channels were segmented into 30 s segments with 15 s

overlap between segments, for both individual and general classification (see section

Classification).

Signal Processing

Figure 3 shows a flow diagram of the signal processing applied[2] to the EEG signals.

The raw EEG signals were band-pass filtered between 0.5 Hz and 45 Hz, using a IIR

Butterworth filter of order 20 and an approximate roll-off slope of 60 dB/octave.

Subsequently, the filtered signals were downsampled to 250Hz, and segmented into

30 s segments with 15 s overlap between segments. In the artifact rejection module,

segments with zero amplitude in all 4 frequency bands were rejected and labeled as

“unlabeled”. These segments correspond to periods when the amplifier was discon-

nected due to either technical or practical issues related to the EEG system or the

subject. For the segments that contained EEG data, all samples |xa| > 100µV were

labeled as artifacts. Preceding and subsequent segments were also labeled as arti-

facts until a segment containing a zero-crossing was located. Segments containing

more than 20 % artifacts were discarded, and labeled as “unlabeled”. All “unla-

beled” segments were not included in the training set of the classifier. For the test

procedure, the classifier results for these segments were plotted as red crosses, as can

be seen in the bottom plots of Figure 1 and 2. The selected EEG traces (previously

re-referenced as described in section Data Sets) were band-pass filtered using IIR

Butterworth filters of order 10. Four frequency bands were extracted correspond-

ing to Theta (4-8Hz), Alpha (8-12Hz), Beta (12-30Hz), and Gamma (30-45Hz). The

root mean square (RMS) of each frequency band, Eb(∆f), was calculated according

to Eq. 1, and used as features to feed the classifier described in section Classification.

Eb(∆f) =

√

√

√

√

1

N

N
∑

n=1

b2∆f [n] (1)

where N is the segment length in samples, b∆f are the band-pass filtered time

series, with ∆f = θ, α, β, and γ.

Classification

The classifier was a support vector machine (SVM) with a linear kernel[3], and it

was fed with the features Eb, described in section Signal Processing. Each data

[2]All processing done using Matlab R2017a
[3]Support Vector Machine toolbox for Matlab Version 2.51, by Anton Schwaighofer.
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set described in section Data Sets was used to train an across-subjects classifier,

trained with a balanced data set (same number of segments for normoglycemic and

hypoglycemic states) from 4 of the 5 subjects, and it was tested with the data cor-

responding to the one subject not included in the training set (repeated until all

subjects were used as test set). The entire data set contained more normoglycemic

than hypoglycemic segments (see Table 1), since the recording time for the hy-

poglycemic state was shorter than for the normoglycemic state. In order to get

a balanced data set for training, the normoglycemic segment of the training set

was pseudo-randomly selected from the entire normoglycemic period, with a length

matching that of the hypoglycemic segment. This procedure was repeated 10 times,

to generate 10 training and classification procedures, with different training data for

each procedure. The final classification accuracy for this classifier was calculated as

the average of all 10 iterations. The test set for the across-subject classifier always

contained all available data, thus the normoglycemic segment was always larger

than the hypoglycemic segment.

Sensitivity and specificity were calculated for the results obtained with the SVM.

The sensitivity index represents the accuracy with which the SVM detects the hy-

poglycemic segments, while the specificity index will give the reader an estimate

of how well the SVM detects the normoglycemic segments. These two indexes are

defined in equations 2 and 3.

Sensitivity =
TP

TP + FN
· 100 (2)

Specificity =
TN

TN + FP
· 100 (3)

where TP (true positive) denotes the number of correctly detected hypoglycemic

segments, FN (false negative) is the number of wrongly detected normoglycemic

segments, TN (true negative) is the number of correctly detected normoglycemic

segments, and FP (false positive) is the number of wrongly detected hypoglycemic

segments.

Sensitivy and specificity results from all ERF and ERK channels referenced to T7

and T8 were tested against C3-Pz and T7-T8 using a t-test with significance level

5%.
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Results

Figure 1 shows the data and the classification results for subjects 1, 2, 3 and 4 from

one bipolar EEG channel (ERK-T7). Each subject is represented by three panels:

The top panel shows the RMS value for each of the four frequency bands as a

function of time. Each color block represents the RMS value of a 30 s segment, with

an overlap of 15 s. Due to large differences in amplitude of the different frequency

bands, the RMS values were normalized to the highest RMS value within each

band. This procedure was only performed for a better visualization of the amplitude

changes in time and it was not part of the signal processing and classification

system. The middle panel shows the measured plasma glucose values. The bottom

panel shows the expert labels for each of the 30s segments (blue line), the rejected

segments (red crosses), and the output of the classifier (green crosses).

Figure 2 shows the data and classification results for subject 5 using the same

three panels as described for Figure 1. Subject 5 will be described and analyzed

separately due to the large number of segments rejected by the rejection algorithm.

The classifiers was trained based on a leave-one-subject-out scheme. Thus, the

classifier for subject 1 was trained on data from subject 2, 3, 4 and 5, the classifier

for subject 2 was trained on data from subject 1, 3, 4 and 5, and so on.

Figure 1 and 2 show the data and classification from channel ERK-T7 ; the same

analysis was performed for 5 other bipolar channels (C3-Pz, T7-T8, ERF-T7, ERK-

T8, and ERF-T8).

Figure 4 summarizes the classification results for all 5 subjects for the 6 selected

bipolar EEG channels. The plot shows both the individual classification performance

as well as the statistics over the 5 subjects represented as the average, standard

deviation and 95% confidence interval. The top panel shows the specificity, whereas

the bottom panel shows the sensitivity.

Discussions

Since the classification results for the ipsilaterally referenced ear-ear EEG channels

did not give results above chance, only the sensitivity and specificity for the scalp-

scalp and ear-scalp EEG channel will be discussed in this section.

The SVM classifier is able to detect the hypoglycemic episodes for all 5 subjects, for

the scalp-scalp and ear-scalp EEG channels, as seen in Figure 4, where it can also be

observed that the sensitivity results obtained with the data collected from ERK-T7,

ERF-T7, and T7-T8 (average sensitivity over all 5 subjects ≥90%, SD≤10%) show

considerably less variability than those obtained with C3-Pz, ERF-T8, and ERK-T8

(average sensitivity over all 5 subjects between 67- 82%, SD≥26%). The specificity
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results obtained with the data collected from C3-Pz, T7-T8, ERK-T7, and ERF-T8

show average specificities over all 5 subjects ≥82%, SD≤24%, while ERK-T8 and

ERF-T8 show average specificities over all 5 subjects ≤76%, SD≥37%. According to

these results, the ear electrodes referenced to T8 (ipsilateral temporal lobe), show

greater variability and lower sensitivity/specificity than the ear electrodes refer-

enced to T7 (contralateral temporal lobe) and the two scalp-scalp channels (C3-Pz

and T7-T8). Previous studies suggest a difference in sensitivity to hypoglycemia

between the anterior and posterior cortices [30, 31], but no major interhemispheric

asymmetry has been reported [30, 32] that could explain the difference in classifi-

cation performance between ERX-T7 and ERX-T8.

Figure 2 shows the features, blood plasma, and SVM output for Subject 5, chan-

nel ERK-T7. It can be seen in the bottom plot, that a large number of segments

were rejected due to artifacts, which is reflected on the high amplitudes in all 4

frequency bands displayed in the top plot. Very similar features and number of re-

jected segments were found for channels ERF-T7, ERK-T8, and ERF-T8. While the

specificity for channel ERK-T7 is approximately 40% (the lowest for this channel),

other channels with a large number of rejected segments reached specificity per-

centages of 87% (ERF-T7) and 76 % (ERF-T8), suggesting that there is no direct

relation between EEG artifacts and specificity.

The plasma glucose threshold for hypoglycemia detection changes across subjects

from 2-4 [mmol/l], as observed in Figures 1 and 2. For example, while a clear hypo-

glycemia detection is achieved around minute 180 for Subject 1 (approximately 4

[mmol/l]), for Subject 2 the detection is not clear until after minute 220 (approxi-

mately 2.2 [mmol/l]). These results suggest an individual critical glucose threshold

for the onset of EEG changes, as also reported by [5].

The results obtained with the ear channels referenced to T7 are a good indicator of

of how a classifier would perform using data collected from a bipolar EEG channel

derived between the two ears.

No significant differences were observed between the specificity and sensitivity re-

sults for the ear-scalp EEG channels and the scalp-scalp EEG channels, according

to a t-test with significance level 5%.
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Figures

Figure 1 Examples of the normalized features from a bipolar EEG channel (ERK-T7) for subjects

1,2,3, and 4, and their respective classifier outputs. For each subfigure (A,B,C, and D) the

subplots are divided as Top: Features from the test set, (these data was not included in the

training phase of the SVM), calculated as described in section Signal Processing. Middle: subject’s

plasma glucose measured as described in section Glucose Control Paradigm. Bottom: The blue

line represents the normoglycemic state and hypoglycemia segments as labeled by the UNEEG

Medical’s expert. The green crosses represent the output of the SVM, for the features in the top

plot, and the red crosses represent the segments rejected due to artifacts.

Figure 2 Example of the normalized features from a bipolar EEG channel (ERK-T7, subject 5)

with a large number of rejected segments due to noise. Top: Features from the test set, (these

data was not included in the training phase of the SVM), calculated as described in section Signal

Processing. The blue segments correspond to periods during which the amplifier was turned off to

replace the battery. Middle: subject’s plasma glucose measured as described in section Glucose

Control Paradigm. Bottom: The blue line represents the normoglycemic state and hypoglycemia

segments as labeled by the UNEEG Medical’s expert. The green crosses represent the output of

the SVM, for the features in the top plot, and the red crosses represent the segments rejected due

to artifacts.

Figure 3 Flow diagram of the algorithm applied to data from bipolar EEG channels.

Figure 4 Classification results, displayed as individual percentages (color dots), mean ± standard

deviation (error bars), and upper and lower 95% confidence interval (red triangles). Top:

Specificity. Bottom: Sensitivity.

Tables
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Table 1 Number of normoglycemic and hypoglycemic segments for channel ERK-T7 and all 5
subjects.

Subject

Label 1 2 3 4 5

Hypoglycemic 123 37 245 137 154

Normoglycemic 317 508 284 366 385



Figures

Figure 1

Examples of the normalized features from a bipolar EEG channel (ERK-T7) for subjects 1,2,3, and 4, and
their respective classifier outputs. For each subfigure (A,B,C, and D) the subplots are divided as Top:
Features from the test set, (these data was not included in the training phase of the SVM), calculated as



described in section Signal Processing. Middle: subject’s plasma glucose measured as described in
section Glucose Control Paradigm. Bottom: The blue line represents the normoglycemic state and
hypoglycemia segments as labeled by the UNEEG Medical’s expert. The green crosses represent the
output of the SVM, for the features in the top plot, and the red crosses represent the segments rejected
due to artifacts.

Figure 2



Example of the normalized features from a bipolar EEG channel (ERK-T7, subject 5) with a large number
of rejected segments due to noise. Top: Features from the test set, (these data was not included in the
training phase of the SVM), calculated as described in section Signal Processing. The blue segments
correspond to periods during which the amplifier was turned off to replace the battery. Middle: subject’s
plasma glucose measured as described in section Glucose Control Paradigm. Bottom: The blue line
represents the normoglycemic state and hypoglycemia segments as labeled by the UNEEG Medical’s
expert. The green crosses represent the output of the SVM, for the features in the top plot, and the red
crosses represent the segments rejected due to artifacts.

Figure 3

Flow diagram of the algorithm applied to data from bipolar EEG channels.



Figure 4

Classification results, displayed as individual percentages (color dots), mean ± standard deviation (error
bars), and upper and lower 95% confidence interval (red triangles). Top: Specificity. Bottom: Sensitivity.


