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Differential responses of primary auditory cortex in autistic
spectrum disorder with auditory hypersensitivity

Junko Matsuzaki?, Kuriko Kagitani-Shimono?, Tetsu Goto™°, Wakako Sanefuii¢,
Tomoka Yamamoto®, Saeko Sakai?, Hiroyuki Uchida® Masayuki Hirata®,

lkuko Mohri®, Shiro Yorifuji and Masako Taniike®

The aim of this study was to investigate the differential
responses of the primary auditory cortex to auditory stimuli
in autistic spectrum disorder with or without auditory
hypersensitivity. Auditory-evoked field values were
obtained from 18 boys (nine with and nine without auditory
hypersensitivity) with autistic spectrum disorder and

12 age-matched controls. Autistic disorder with
hypersensitivity showed significantly more delayed
M50/M100 peak latencies than autistic disorder without
hypersensitivity or the control. M50 dipole moments in
the hypersensitivity group were statistically larger than
those in the other two groups. M50/M100 peak

latencies were correlated with the severity of auditory
hypersensitivity; furthermore, severe hypersensitivity
induced more behavioral problems. This study indicates
auditory hypersensitivity in autistic spectrum disorder as a
characteristic response of the primary auditory cortex,

Introduction

Autistic spectrum disorder is a neurodevelopmental
disorder characterized by qualitative impairments in social
interactions and communication skills, along with a
restricted repetitive and stereotyped pattern of behavior
[1]. In addition to these core features, the coincidence of
sensory processing abnormalities in autistic disorder has
been reported at a frequency of 42-88% [2,3]. Especially,
auditory hypersensitivity is the most common sensory
impairment, interrupting behavioral adaptation [4]. In
earlier studies, many researchers found different auditory
processing in autistic disorder compared with that in
typically developing controls: the III-V interpeak latency
of the auditory brainstem response was longer in autistic
disorder than in control patients [5]. Event-related poten-
tials and magnetoencephalography (MEG) studies also
showed delayed responses to auditory stimuli in autistic
disorder [6,7]. These electrophysiological studies showed
auditory processing differences between autism and
control. However, the physiological mechanism underlying
auditory hypersensitivity has not been previously in-
vestigated. Therefore, the purpose of this study was to
investigate the characteristic electrophysiological features
in autistic spectrum disorder with auditory hypersensitiv-
ity. To clarify the difference in the response of the primary
auditory cortex to auditory stimuli, we examined the
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auditory-evoked field and analyzed it in association with
the characteristic traits of auditory hypersensitivity.

Methods

Participants

Eighteen male children with high-functioning autistic
spectrum disorder (9.52 £1.72 years) and 12 age-
matched male controls (10.08 + 1.73 years) were re-
cruited at the Osaka University Hospital (Table 1). The
diagnosis of autistic spectrum disorder was made with
reference to the Diagnostic and Statistical Manual of Mental
Disorders (fourth edition)-Text Revision [1]. Furthermore,
the diagnosis was confirmed by the Japanese version
of Autism Screening Questionnaire (ASQ-]) [8,9] and
the Autism Diagnostic Observation Schedule-Generic
(ADOS-G) [10]. Intellectual quotient was assessed by
using the Wechsler Intelligence Scale for Children (third
version). In order to evaluate the characteristics of the
auditory hypersensitivity and behavioral problems, we
assessed the sensory profile (SP) [11] and used the
Japanese version of the Child Behavior Checklist
(CBCL) [12,13]. Children with autistic spectrum dis-
order were divided into two groups on the basis of the
auditory item score of the SP: autistic disorder with
auditory hypersensitivity and that without it. The cut-off
value was set at 30. Controls were not only age-matched
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Table 1 Demographic information

Autistic disorder with auditory hypersensitivity (N=9)

Autistic disorder without auditory hypersensitivity (N=9) Controls (N=12)

tems Mean 8D Mean +SD Mean+SD
Age (years) 9.64+1.89 9.40+1.64 10.08+£1.73

FlQ 10217 £22.71 96.13+8.18 -
ADOS-G 12.33+2.45 12.75+3.66 -

ASQ 15.33+5.85%1 16.11+4.05%2 2.83+3.20%1, *2
SP Auditory ltem Score 20.33+£5.56**1 31.78£2.44%%1 39.00+1.41%%
CBCL 75.43+18.16 51.63+13.93 -

ADOS-G, Autism Diagnostic Observation Schedule-Generic (total score); ASQ, Autism Screening Questionnaire (cut-off > 13) (*1, *2; P<0.01); CBCL, Child
Behavior Checklist {total score); FIQ, full-scale intellectual quotient of Wechsler Intelligence Scale for Children (third version); SP, sensory profile, (**1; P<0.01).
*In ASQ, there are significant differences between autistic disorder with hypersensitivity and controls and also between autistic disorder without hypersensitivity and

controls.

#*|n SP, there are significant differences between autistic disorder with hypersensitivity and autistic disorder without hypersensitivity and controls, and also between

autistic disorder without hypersensitivity and controls.

children without a history of neurological diseases or
developmental disorders, but also those who were not
receiving special education services. In addition, all
controls were assessed by the ASQ and SP, and showed
no autism traits or sensory hypersensitivity. Written
informed consent was obtained from the parents of all
participants in the study, which was approved by the
Institutional Review Board of Osaka University Hospital.

Auditory stimuli

Auditory stimuli, which were made by a presentation
system (Yokogawa Electric Corporation, Kanazawa, Japan),
were delivered through a sound pressure transducer and
sound conduction tubing to the participant’s auditory
canal through ear tip inserts. A 1000-Hz sinusoidal tone
pip of 200 ms duration was binaurally presented (with 10-
ms rise and fall times). Stimuli were randomly presented
with interstimulus intervals of 2700-3300 ms. The total
number of stimuli was 100.

Measurements

Measurements by MEG were performed with the
participants lying down on a bed in a magnetically
shielded room using a 160-channel whole-head MEG
system equipped with SQUID gradiometers (PQ1160C,
Yokogawa Electric Corporation). Data were acquired at a
sampling rate of 1000 Hz, with an online band-pass filter
between 0.03 Hz and 200 Hz. The positions of five head
marker coils were obtained before and after recording to
evaluate head movement. Anatomical magnetic resonance
imaging (MRI) data were obtained using a 3.0-T whole-
body magnetic resonance scanner with a standard whole-
head coil (Signa HDxt Excite 3.0'T, GE Healthcare UK
Ltd, Buckinghamshire, UK).

In order to align MEG data with individual MRI data, we
scanned the three-dimensional facial surface of each
participant (FastSCAN Cobra, POLHEMUS, ARANZ
Scanning Limited, Christchurch, New Zealand). Five
head marker coils were attached to the scalp before
recording the MEG, which provided the position and
orientation of MEG sensors relative to the head. Three-

dimensional facial surface data were superimposed on the
anatomical facial surface provided by the MRI data.

Data analysis

The MEG data were analyzed at MEG Laboratory
(Yokogawa Electric Corporation). The epochs were
defined from 100 ms before stimulation to 1000 ms after
stimulation. This prestimulus period of 100 ms was used
as the baseline for the determination of ambient brain
activity and noise of each epoch. Epochs containing
artifacts such as eye blinks, head movements, and others
were eliminated for each participant. The epochs were
averaged for each condition [14], and averaged waveforms
were high-pass filtered using a cut-off frequency of 3 Hz,
low-pass filtered (cut-off frequency of 45 Hz), and band-
pass filtered (cut-off frequency of 8-25Hz). We evalu-
ated the responses of each hemisphere by using half of all
channels. To determine the M50/M100 peak, we
calculated the root mean square of half of all channels.
The M50/M100 peak was determined as the peak in the
root mean square value in the intervals of 30-70 ms and
80-200ms, respectively. The data were statistically
examined by repeated-measures analysis of variance using
PASW Statistics v. 18.0 (IBM, Tokyo, Japan), and the
Pearson test was used to examine the correlation.

Results

Demography

The ASQ scores of autistic disorder with/without auditory
hypersensitivity were significantly higher than those of
the control (all Ps < 0.01). There was no significant group
difference in age, scores of full intellectual quotient,
ADOS-G, or CBCL between autistic disorder with
auditory hypersensitivity and that without it (all Ps>
0.15). However, there was a significant difference in the
auditory score of the SP between these two groups,
between autistic disorder with auditory hypersensitivity
and control and between autistic disorder without
auditory hypersensitivity and the control (all Ps <0.01).
Autistic disorder with hypersensitivity showed a signifi-
cantly lower auditory item score of the SP (20.33 = 5.56)

Copyright © Lippincott Williams & Wilkins. Unauthorized reproduction of this article is prohibited.
— 444 —



than that without it (31.78 £ 2.44) or the control [39.00
+141; F (2, 27) =76.34, P<0.01; Table 1]. Further-
more, there was a statistically significant correlation

between auditory item scores of the SP and the total
scores of the CBCL (= -0.62, P <0.05; Fig. 1).

M50/M100 group differences

Auditory-evoked field waveform, magnetic isofield maps,
and dipole sources were superimposed on the MRI of
individual participants selected as an example from each
of the three groups (Fig. 2).

Peak amplitude

There was no significant difference in the M50 peak
amplitude between autistic disorder with auditory
hypersensitivity (41.37 = 11.46fT/cm) and that without
it (74.67 £33.67fT/cm) or the control (53.54 + 16.34
fT/cm), or in the M100 peak amplitude between autistic
disorder with auditory hypersensitivity (57.44 = 17.85
fT/cm) and that without it (61.74 £ 33.67 fT/cm) or the
control (83.08 = 16.34 fT/cm). Furthermore, there was no
statistically significant correlation between SP and M50/
M100 peak amplitude (all Ps > 0.15).

Peak latencies

M50 peak latencies were significantly longer in autistic
disorder with auditory hypersensitivity than in the control
[F (2, 27) = 4.35, P<0.05; Fig. 3a]. However, autistic
disorder with auditory hypersensitivity showed signifi-
cantly longer M100 peak latencies than the other two
groups [F (2, 27) =12.59, P < 0.01; Fig. 3b]. There was a
statistically significant negative correlation between
auditory item scores of the sensory profile and M50 (r=
—-0.52, P<0.01; Fig. 3¢) or M100 latencies (r = —0.69,
P <0.01; Fig. 3d).

Dipole moments

The difference in dipole moments between autistic
disorder with auditory hypersensitivity and the control
was statistically significant [F (2, 24) = 3.75, P <0.05],
with the former showing larger M50 dipole moments
(Fig. 3e). In addition, there was a statistically negative
correlation between M50 dipole moment and auditory
item scores of the SP (= —0.50, P < 0.05; Fig. 3f). M100
dipole moments did not show any differences between
groups (data not shown). There was no statistically
significant correlation between the ASQ, CBCL or
ADOS-G, and MEG measurements mentioned above
(all Ps>0.15).

Discussion

Many autistic spectrum disorders with auditory hyper-
sensitivity tend to have impaired adaptation in their daily
lives. Actually, in our study, SP auditory scores were
significantly correlated with behavioral problems, as
revealed by the CBCL scores.

MEG in autism with auditory hypersensitivity Matsuzaki et al. 115

Fig. 1
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Scatter plot of the sensory profile (SP) auditory item scores and the
child behavior checklist (CBCL). The total scores of the child behavior
checklist were negatively correlated with auditory item scores of the SP
(Pearson’s test, r= —0.62, P<0.05).

"This study clearly demonstrated that M50/M100 laten-
cies differed between autistic disorder with auditory
hypersensitivity and that without it or the control group,
and that auditory scores of the SP (i.e. severe hypersen-
sitivity) were also significantly correlated with M50/M100
latencies (i.e. delayed latency) in autistic children. As
there was no difference in the scores of the ASQ or the
ADOS-G between autistic disorders with auditory
hypersensitivity and that without it, auditory hypersensi-
tivity might not be correlated with the severity of the
core symptoms of autistic disorder, such as impaired
social interaction.

Roberts ez 2. [7] reported that the peak latency of the
primary auditory cortex is shortened with increasing
age from 6 to 15 years in control, but not in autistic
participants, and they speculated that the latter have
maturational abnormalities in their auditory cortex. As
the source of M50/M100 is generated from the primary
auditory cortex, these findings suggest that a more severe
auditory hypersensitivity corresponded to a more delayed
response of the primary auditory cortex to auditory
stimuli.

Gage ¢z al. [15] and Bruneau ez /. [16] reported longer
latency in autistic children and hypothesized that this is
due to abnormalities in myelination processes that would
result in slower transmission rates in central auditory
pathways.

Furthermore, in our study, the more severe auditory
sensitivity was correlated with larger M50 dipole
moments. The dipole moment has been used as a
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Fig. 2
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Representative figures of auditory-evoked field waveforms (left), magnetic isofield maps (middle), and dipole sources (right) superimposed on the
individual brain magnetic resonance imaging of participants selected from each of the three groups. The magnetoisofield map shows the latency of
M100 peak; and the dipole sources were estimated at the same time. (a) Controls, (b) autistic disorder without auditory hypersensitivity, and

(c) autistic disorder with auditory hypersensitivity. Vertical lines in the left figures indicate stimulus onset (0 ms). Arrows and arrowheads indicate the
M50 peak and the M100 peak, respectively. Both M50 and M100 latencies are longer in autistic disorder with auditory hypersensitivity than in the

other two groups.

potential determinant of the absolute magnitude of
neuronal activity [17,18]. Therefore, the increase in
the M50 dipole moment may be explained by hyper-
activity of the corresponding region of the primary
auditory cortex.

In recent years, there have been findings of abnormal
brain connectivity in autistic disorder [19], and addition-
ally, autistic disorders from postmortem brains show
disrupted minicolumns and decreased inhibitory inter-
neurons [20]. Thus, abnormal brain connectivity result-
ing from reduced interneuron activity might induce
cortical hypersensitivity in the primary auditory cortex.
Various degrees of hypersensitivity could stem from
interindividual heterogeneity in brain connectivity.

As another possibility, Guiraud ez /. [21] reported that
infants at high risk for autism show less habituation to

repeated sounds than those at low risk. We speculated
that this difference might be associated with auditory
hypersensitivity in autism. In our study, we did not
directly analyze this hypothesis. In a future study, the
oddball paradigm of MEG may enable us to investigate
whether the reduced habituation is associated with
thalamic sensory gating.

These lines of evidence suggest that measurement of the
auditory-evoked field could be an objective marker of
auditory hypersensitivity as one of the autistic character-
istics. This measurement would be especially useful for
assessment of infants and nonverbal autistic disorder. As
auditory hypersensitivity causes incomprehensible behav-
ioral problems in daily life, earmuff usage or avoidance of
noisy environments may be recommended for relief from
discomforting sounds.
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(a and b) Mean M50 and M100 peak latencies. Error bars represent one standard error of the mean. Both latencies in autistic disorder with auditory
hypersensitivity are significantly longer than those in the control (* < 0.05). (c and d) Scatter plot of M50 peak latencies or M100 peak latencies and
auditory item scores of sensory profile (SP). Both M50 and M100 peak latencies correlate negatively with auditory item scores of the SP (r= -0.52,
P<0.01; r=-0.69, P<0.01). (e) Mean M50 dipole moment. Error bars represent one standard error of the mean. The M50 dipole moment in
autistic disorder with auditory hypersensitivity is significantly larger than that in the control (*P<0.05). (f) Scatter plot of the M50 dipole moment and
auditory item scores of the SP. There is a negative correlation between the two parameters (r= -0.50, P<0.05).

Conclusion

This study shows that M50/M100 responses generated by
the primary auditory cortex were correlated with the
severity of auditory hypersensitivity in children with
autistic spectrum disorder. Understanding of the neuro-
logical basis of auditory hypersensitivity could have
clinical benefits by providing an objective assessment of
the severity of auditory hypersensitivity and by validating
effective treatment for it in the future.
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Real-time control of a prosthetic hand using human
electrocorticography signals

Technical note
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'Department of Neurosurgery, Osaka University Medical School, Osaka; *ATR Computational Neuroscience
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Object. A brain-machine interface (BMI) offers patients with severe motor disabilities greater independence
by controlling external devices such as prosthetic arms. Among the available signal sources for the BMI, electro-
corticography (ECoG) provides a clinically feasible signal with long-term stability and low clinical risk. Although
ECoG signals have been used to infer arm movements, no study has examined its use to control a prosthetic arm in
real time. The authors present an integrated BMI system for the control of a prosthetic hand using ECoG signals in a
patient who had suffered a stroke. This system used the power modulations of the ECoG signal that are characteristic
during movements of the patient’s hand and enabled control of the prosthetic hand with movements that mimicked
the patient’s hand movements.

Methods. A poststroke patient with subdural electrodes placed over his sensorimotor cortex performed 3 types
of simple hand movements following a sound cue (calibration period). Time-frequency analysis was performed
with the ECoG signals to select 3 frequency bands (1-8, 25-40, and 80-150 Hz) that revealed characteristic power
modulation during the movements. Using these selected features, 2 classifiers (decoders) were trained to predict the
movement state— that is, whether the patient was moving his hand or not—and the movement type based on a linear
support vector machine. The decoding accuracy was compared among the 3 frequency bands to identify the most
informative features. With the trained decoders, novel ECoG signals were decoded online while the patient performed
the same task without cues (free-run period). According to the results of the real-time decoding, the prosthetic hand
mimicked the patient’s hand movements.

Results. Offline cross-validation analysis of the ECoG data measured during the calibration period revealed that
the state and movement type of the patient’s hand were predicted with an accuracy of 79.6% (chance 50%) and 68.3%
(chance 33.3%), respectively. Using the trained decoders, the onset of the hand movement was detected within 0.37
+ 0.29 seconds of the actual movement. At the detected onset timing, the type of movement was inferred with an
accuracy of 69.2%. In the free-run period, the patient’s hand movements were faithfully mimicked by the prosthetic
hand in real time.

Conclusions. The present integrated BMI system successfully decoded the hand movements of a poststroke pa-
tient and controlled a prosthetic hand in real time. This success paves the way for the restoration of the patient’s motor
function using a prosthetic arm controlled by a BMI using ECoG signals. (DOI: 10.3171/2011.1 JNS101421)

Key Worps ¢ brain-machine interface e+  prosthetichand -

electrocorticography signal ¢ real time

to a loss of muscle control without disruption of
the patients’ cognitive abilities. These include
amyotrophic lateral sclerosis, brainstem stroke, spinal
cord injury, muscular dystrophy, and cerebral palsy.
Brain-machine interface technology can offer these pa-

THERE are several diseases and conditions that lead

Abbreviations used in this paper: BMI = brain-machine interface;
ECoG = electrocorticography; EEG = electroencephalography;
EMG = electromyography; FFT = fast Fourier transform; MEG =
magnetoencephalography; SVM = support vector machine.

J Neurosurg [ Volume 114 / June 2011

support vector machine

tients greater independence and a higher quality of life,
providing the individual with control of external devices
with which to communicate with others and manipulate
their environment according to their will.?°

Several signal platforms could be used as input sig-
nals for BMIs in a clinical setting: EEG,*® MEG,? neu-
ronal ensemble activity recorded intracortically (single
units)®*?8 and/or local field potentials,’'> and ECoG.!4!8:2!
Each type of signal has proven to be useful for BMIs,
although each has advantages and disadvantages regard-
ing utility in an applied setting. Although EEG and MEG
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signals can be measured noninvasively,” they have low
spatial resolution compared with the other signals and are
susceptible to artifacts from other sources.” Single-unit
recordings have been shown to convey large amounts of
information for the successful control of a prosthetic arm
in a self-feeding task of monkeys.?® This type of BMI sys-
tem has already been applied to paralyzed patients,’ but
the clinical implementation of intracortical BMIs is cur-
rently impeded by difficulty in maintaining stable long-
term recordings and the substantial technical require-
ments of the recordings.5?* Electrocorticography has a
higher spatial resolution and better signal-to-noise ratio
than EEG or MEG. Its signals have been used to control
the movement of a cursor on a computer screen,”' to re-
construct the trajectory of a 2D arm movement,'® and to
decode a single finger movement.'* Moreover, ECoG re-
cordings have superior long-term stability than intracorti-
cal single-unit recordings, as well as lower technical dif-
ficulty and clinical risk.* Even though ECoG signals have
been shown to be useful for BMI systems, they have not
been used to control the movement of a prosthetic hand.
Here, we propose an integrated BMI system to control
the movement of a prosthetic hand using ECoG signals
generated while the patient moved his hand.

Previously, we developed a system in which a pa-
tient’s EMG signals were used to control the movement
of a prosthetic hand.'>"” This system records the EMG
signals and converts them into a power spectrum to clas-
sify some simple movements. The user can control the
prosthetic hand by performing or attempting to perform
simple hand movements, such as hand grasping, hand
opening, and making a scissor shape. By combining
such simple movements, an amputee was able to use the
prosthetic hand for writing by holding a pen, cooking by
grasping a kitchen knife, and other activities of daily liv-
ing.%? In the present study, we removed the EMG sensors
and control unit from this system and attached a new unit
that records and classifies ECoG signals to control the
prosthetic hand. The new integrated system was designed
to classify some simple movements using only 3 frequen-
cy power bands of the ECoG signals.

With the new integrated system, the ECoG signals
of a stroke patient were recorded when he performed 3
types of hand movements. Time-frequency analysis of
the signals demonstrated that 3 frequency power bands
contained the characteristic features relating to the move-
ments. With these features, the state and the type of
movement were inferred by 2 decoders. The decoding
accuracy was compared among the 3 frequency bands to
identify the most informative band. With the 2 decoders,
the freely performed movements were inferred so that the
prosthetic hand faithfully mimicked the individual’s hand
in real time.

Methods
Patient

This 64-year-old man with thalamic pain on the left
side of his body participated in this study. He had incom-
plete left hemiparesis due to a right thalamic hemorrhage
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7 years earlier. He was barely able to perform simple
hand movements (grasping, opening, and making a scis-
sor shape). Subdural electrodes had been implanted on
the right sensorimotor cortex to reduce intractable pain
by delivering electrical stimulation.!® First, 2 sheets of a
30-electrode array were temporarily implanted on a broad
cortical area around his hand motor strip to determine an
optimal stimulation site where the maximum reduction
of his pain was achieved. The number and location of the
electrodes were chosen to stimulate the cortical area cor-
responding to the body parts with pain. These electrodes
were implanted for 2 weeks. Then, after the optimal site
was determined, an array of 4 electrodes was implanted
at the optimal site for chronic stimulation to reduce the
pain. The patient participated in our study during the
2 weeks of temporary electrode placement. He was in-
formed of the purpose and possible consequences of this
study, and written informed consent was obtained. The
ethics committee of Osaka University Hospital approved
the present study.

Prosthetic Hand

The prosthetic hand was an experimental anthro-
pomorphic hand developed by Dr. Yokoi."? The general
movement mechanisms and degrees of freedom of the
hand mimicked those of a human hand. The hand was
equipped with 8 DC motors to independently actuate 8
individual tendons of the hand. The 8 tendons work in a
coordinated manner to accomplish flexion or extension of
each individual finger. The commands to the hand were
updated by the host computer system every 200 msec.

Recording Methods

Sixty planar-surface platinum grid electrodes (2
sheets of a 5 x 6 array, Unique Medical Co.) were placed
over the patient’s right sensorimotor cortex (see Fig. 2A).
The electrodes had a diameter of 3 mm and a center-to-
center interelectrode distance of 7 mm. Video recording
was performed during experiments. Electromyography
recordings of the contralateral flexor digitorum superfi-
cialis muscle were collected at the same time. The video
and EMG recordings were not used for the decoding but
were used to identify the onset of the actual movement
during offline analysis.

The location of the implanted electrodes was identi-
fied by standard neurosurgical techniques, both anatomi-
cally and electrophysiologically. After induction of gener-
al anesthesia, we performed a frontoparietal craniotomy
over the sensorimotor cortex. The location of the central
sulcus was estimated using preoperative MR imaging and
confirmed by the phase reversal of the N20 component of
the intraoperative somatosensory evoked potentials.

Movement Tasks

Experiments were performed in an electromagneti-
cally shielded room approximately 1 week after electrode
placement. The patient was instructed to perform 3 types
of movements with his left hand: a grasping motion, a
hand-opening motion, and a scissor-shape motion (ex-
tension of the second and third fingers). He selected and
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performed 1 of the 3 hand movements immediately after
the presentation of a sound cue that recurred every 5.5
seconds (calibration period [Fig. 1A]). The sound cue was
delivered from a loudspeaker controlled by Matlab 2007b
(Mathworks), consisting of 3 beeps presented every 1
second. The patient was instructed to move his hand just
after the third sound and to return his hand to a resting
position immediately after the movement. For the resting
position, the patient was instructed to relax his hand while
slightly flexing his fingers. The 3 types of movement were
performed approximately 40 times each. This calibration
period took approximately 20 minutes with some breaks
in between. During this period, there was no training of
the patient.

After the calibration period with the external cues,
the patient performed the same task at self-paced inter-
vals without any external cues (free-run session [Fig. 1B]).
The free-run session lasted for approximately 20 minutes
with some breaks. Therefore, all of the experiments in
this study took only approximately 1 hour. Notably, the
patient performed the free-run task without training to
control the prosthetic hand; indeed, it was only necessary
to train the decoder to the ECoG signals obtained in the
calibration period (see the Decoding Algorithms section
for details).

Data Collection and Preprocessing

Electrocorticography signals were measured using
a 128-channel digital EEG system (EEG 2000, Nihon
Koden Corp.) and digitized at a sampling rate of 1000
Hz. All subdural electrodes were referenced to a scalp
electrode placed on the nasion. The bandpass filter for the
data analysis was set to 0.16-300 Hz.

At first, during the calibration period, the ECoG sig-
nals of all implanted electrodes were examined for 4000
msec in each session (<2000 to 2000 msec from the cue
onset of each movement). A time-frequency analysis of
the ECoG signals was performed using EEGLAB v5.03.3
The power spectrum of the ECoG signals was analyzed
for each electrode and each type of movement. From the
results of the power spectrum, we identified 3 frequency
power bands with characteristic modulation during the
movement tasks: 1-8, 25-40, and 80-150 Hz

For the decoding analysis, the ECoG signals of all
implanted electrodes were obtained by reference to the 3
beeps. Figure 1A shows the duration of the ECoG signals
used for the decoding analysis: “N,” ECoG signals of 1
second after the first sound; “R,” ECoG signals of 1 sec-
ond after the second sound; and “M,” ECoG signals of 1
second after the third sound. An FFT algorithm was per-
formed for each 1-second signal to obtain the 3 frequency
power bands (1-8, 25-40, and 80-150 Hz). The FFT was
performed using EEGLAB v5.03. For each trial and elec-
trode, the R and M frequency power bands were normal-
ized by dividing them with the corresponding power of N.
The normalized M and R power bands were used as the
input features for the following decoding analysis (Fig.
1A).

In the free-run session, the 1-second ECoG signals
were recorded online every 200 msec. The FFT algorithm
was performed for each 1-second signal to obtain the 3
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frequency power bands for each electrode. The frequency
power bands of each electrode were divided by the cor-
responding power bands of the baseline features (baseline
features were defined as the mean frequency power bands
of N that were obtained by averaging the features of N for
all trials in the calibration period).

Decoding Algorithms

With the features obtained in the calibration period,
we constructed 2 decoders, or linear classifiers, to infer
the patient’s movements on a trial-by-trial basis. The
decoders were trained or calculated using mathematical
algorithms to infer the patient’s movements using only
a novel ECoG signal. The normalized powers of the 3
frequency bands (features) were used to train the 2 de-
coders based on the linear SVM.3! Decoder 1 was trained
to classify the movement state R or M, with the features
of R and M (Fig. 1A). Decoder 2 was trained to predict
the types of performed movement with the features of M
(Fig. 1A). The mathematical details of these decoders are
described in the supplementary section and the follow-
ing references (http:/www.cns.atrjp/dni/en/downloads/
brain-decoder-toolbox).!'3!

The decoding accuracy was compared among the
decoding of each of the 3 frequency bands to identify
the most informative frequency band. The decoding ac-
curacy was estimated by using a 5-fold cross-validation
method (Appendix).

Real-Time Decoding and Prosthetic Hand Control

The 2 decoders trained by the ECoG signals with the
external cues were applied to the novel ECoG signals in
real time. Decoder 1 classified the ECoG signals as either
R or M to infer the onset of movement. When the inferred
state changed from R to the two successive M decoder
results, movement onset was inferred (or defined) as the
time between R and M. Then, Decoder 2 classified the
type of movement using the feature of the second M (Fig.
1B).

According to the decoding results, the prosthetic hand
was controlled to mimic the patient’s movements. When
the decoding result from Decoder 1 was R, the prosthetic
hand was moved to the predefined resting position. When
movement onset was inferred by Decoder 1, then Decoder
2 inferred the type of movement using the current ECoG
signals. Then, the prosthetic hand was moved to the pre-
defined posture of the inferred movement. The posture
was maintained for 1 second, regardless of the decoding
results from Decoder 1. After 1 second, the prosthetic
hand was moved back to the resting position.

Results
Offline Time-Frequency Analysis

During the movements in the calibration period, the
power spectrum of the ECoG signals on the sensorimo-
tor cortex varied consistently. Figure 2B illustrates an ex-
ample of the power spectrum time locked to the external
sound cue during the grasping movement. The signal was
recorded from an electrode on the primary motor cortex
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Fic. 1. lilustrations of the task and the integrated real-time decoding system. A: The task in the calibration period. The
1-second ECoG signals after each sound were defined as: 1st, “N” for normalization; 2nd, “R" for resting state; and 3rd, “M” for
moving state. Decoders 1 and 2 were trained with the R + M and M ECoG signals, respectlvely The representative photographs
of hands show the task movements performed by a healthy individual. B: The task in the free-run period. The 1-second ECoG
signals obtained every 200 msec were classified by Decoders 1 and 2 when the patient performed 1 of the 3 hand movements

with arbitrary timing. ~ C: lllustration of the integrated BMI system.

indicated by a blue arrow in Fig. 2A. As shown in Fig. 2B,
the power reduction of the beta band (25-40 Hz) (event-
related desynchronization) and the power increase of the
theta (1-8 Hz) and gamma (80-150 Hz) bands (event-re-
lated synchronization) were observed around the move-
ment onset. These frequency features, event-related de-
synchronization and event-related synchronization, were
observed consistently on the sensorimotor cortex during
the movement task.

The spatial distribution of these features on the elec-
trodes differed depending on the movement (Fig. 2C).
The increase in the power of the gamma and theta bands
was observed at the localized area of the primary motor
cortex. However, the decrease in the power of the beta
band was observed diffusely around the primary motor
cortex (Fig. 2C). The spatial distribution of each frequen-
cy power band differed among the 3 types of movement,
especially for the gamma and theta bands. We selected
these 3 frequency power bands as the input features for
decoding.

Offline Analysis of Decoding

The patient’s hand movement was inferred by the de-
coders using the frequency features of the ECoG signals
on a trial-by-trial basis. Offline cross-validation analysis
of the ECoG data measured during the calibration period
revealed that the patient’s state and the movement type
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were predicted with an accuracy of 79.6% (chance 50%)
and 68.3% (chance 33.3%), respectively (Fig. 3). Among
the 3 frequency bands, the gamma band power exhibited
the best performance for the decoding of both the states
and types of movement (Fig. 3).

Next, the trained Decoder 1 was tested to determine
whether it could detect the onset of movement on a trial-
by-trial basis. For the calibration period, the 1-second
ECoG signals were classified using Decoder 1 for every
200 msec from -2 to 2 seconds relative to the onset cue.
As shown in Fig. 4 left, the inferred rate of M was low
before the onset cue and high after the cue. When we de-
fined the onset as the time Decoder 1 inferred 2 succes-
sive M results after R, the movement onset was frequently
inferred just after the actual onset cue (Fig. 4 right). Nota-
bly, 88% of the inferred onsets of movement were distrib-
uted between -0.5 to 0.5 seconds from the actual onset of
the cue. For the calibration period, the movement onset
was accurately inferred by the trained Decoder 1.

Real-Time Prosthetic Hand Control

Using the trained decoders, the ECoG signals were
decoded in real time when the patient performed the 3
types of hand movement at an arbitrary timing (free-run
period). Decoder 1 detected 61.0% of the movement on-
sets within 1 second from the actual onset of movement
detected by the EMG signals. The mean difference be-
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Fic. 2. Power spectrum of the ECoG signals during movement.  A: Reconstructed MR image of the patient’s brain with
superimposed red circles indicating the position of the 60-channel grid electrodes. The yellow line indicates the location of the
central sulcus.  B: A power spectrum time locked to the external cues (Time 0 corresponds to the onset cue). The signals of
the primary motor cortex (indicated by the blue arrow in A) were obtained during the grasping task. The horizontal black line
shows the normalization period.  C: Contour map of the mean frequency power bands. For each frequency band and each type
of movement, the normalized power at 1 second after the onset of movement was averaged and shown on the location of the

electrodes. The alignment of the electrode is the same as in panel A.

tween the inferred onset and the actual onset of move-
ment was 0.37 £ 0.29 msec (= SD). The majority of the
patient’s hand movements were detected before the actual
onset of movement (Fig. 5 left). However, the actual onset
of movement of the prosthetic hand was delayed from the
inferred onset timing due to the processing time (Video
1.

Vmeo 1. A prosthetic hand (with a white glove) mimicking
the patient’s hand movements. The markers on the patient’s
arm were not used in the present study. Click here to view with
Windows Media Player. Click here to view with Quicktime.

At the detected time, the type of movement was correctly
decoded with an accuracy of 69.2%. The patient’s hand
movements inferred by the 2 decoders were performed
by a prosthetic hand in real time (Fig. 5 right). Notably,
the patient was not trained to control the prosthetic hand.

J Neurosurg / Volume 114 / June 2011

The prosthetic hand was successfully controlled to faith-
fully mimic the patient’s hand movements using only the
ECoG signals without any external cues.

Discussion

We have demonstrated that a BMI system using
ECoG signals can accurately reproduce a patient’s hand
movements without training the patient. The system
learned the features of the ECoG signals, while the post-
stroke patient moved his hand naturally following sound
cues. The real-time decoding of ECoG signals was then
successfully performed for movements without any ex-
ternal cues. This is the first report describing the con-
trol of a prosthetic hand in real-time using a BMI system
with ECoG signals. These successful results with a post-
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25-40, and 80-150 Hz) were compared. The horizontal lines show the chance level for each classification.

stroke patient indicate the feasibility of the clinical use of
ECoG-based BMI.

Control of Prosthetic Hand by Classifying Simple
Movements

Although the movement tasks performed in this
study were simple compared with those in previous stud-
ies,!026 the success of our approach suggests a new way
to restore the motor function of paralyzed patients. The
combination of simple movements generated by the pros-
thetic hand is useful for activities of daily living.*? For
example, by classifying some simple hand movements
with EMG signals, an amputee was able to use a pros-
thetic hand to improve her quality of life. This method
of prosthetic control with simple movements may also
be useful for controlling the prosthetic hand with ECoG
signals. In addition, it has been shown that most variance
in human hand postures can be accounted for by a small
number of combined joint movements.?* This means that,
by combining some basic movements, a prosthetic hand
could emulate most of the natural postures of a human
hand. The control of a prosthetic device, by classifying
some simple movements, with ECoG signals will enable
a prosthetic hand to be a practical and useful device in a
patient’s day-to-day life.

inferred rate
fon S o S o B o

o N R oY

-1.5 -0.5 0.5

time from cue (s)

Fic. 4. Left: Onset timing inferred by Decoder 1 for the calibration period. The rate of M inferred by Decoder 1 using the
1-second ECoG signals sliding by 200 msec from 2 to 2 seconds. The horizontal axis shows the middle time of the 1-s ECoG
signal (Time 0 corresponds to the onset cue). The gray bars correspond to the training data sets of Decoder 1. Right: The rate
of onset inferred by Decoder 1.
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Furthermore, ECoG signals have the potential to be
decoded to infer more sophisticated movements such as
playing the piano. The ECoG signals of epilepsy patients
have been used to decode the movements of individual
fingers.'s Our method of controlling the prosthetic hand
may be improved by using ECoG signals obtained in
patients without motor dysfunction. In addition, the im-
plantation of a high-density electrode array in the central
sulcus may increase the information derived from ECoG
signals. It is necessary to improve ECoG-based BMIs not
only to adjust the control of a prosthetic device for ac-
tivities of daily living but also to improve the ability to
decode human motor representations.

Prosthetic Control by Paralyzed Patients

The clinical candidates for the BMI system are pa-
tients without muscle control of their limbs. Therefore,
our method should be applicable in patients with complete
paralysis. Previously, we showed that ECoG signals could -
be neurally decoded in patients with monoplegia.® Elec-
trocorticography signals from the sensorimotor cortex in
patients with brachial plexus avulsion were successfully
decoded when the patients only intended or attempted to
move their completely paralyzed upper limbs. The inten-
tion of movement was inferred accurately by a decoder

3

3

1

-1.5 0.5 0.5
time from cue (s)
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Fic. 5. Real-time decoding and prosthetic hand control with
ECoG. A: The distribution of the actual movement onset timing from
the nearest inferred onset timing by Decoder 1 (free-run period). B:
Representative photographs of the prosthetic hand (with a white glove)
controlled by the poststroke patient's ECoG signals in real time. A pros-
thetic hand (with a white glove) mimicked the patient’s hand movements.
The markers on the patient’s arm were not used in the present study.

trained by the same method used in the present study. By
using simple and common movements that can be easily
planned by patients, our method may be applicable to a
large number of paralyzed patients as a clinically benefi-
cial device to restore their motor functions.

Usefulness of ECoG Signals From the Gamma Band Power

Decoding analysis of the ECoG signals revealed that
the gamma band power was the most informative in in-
ferring the state and type of hand movement among the 3
frequency bands. This result was consistent with previous
studies in which human movements were inferred using
ECoGs.!32! Moreover, the power increase of the gamma
band correlates with the firing activities of neurons rep-
resenting neural information.'®? Thus, the information
contained within the gamma band facilitates the use of
ECoG signals in a clinically applicable BMI system.

Among the currently available signal platforms for
BMLI, intracortical recordings have been shown to provide
the largest amount of information to decode movements
by using the firing activities of neurons.?+?¢ However, this
method is associated with difficulties in maintaining sta-
ble long-term signals and substantial technical difficulties
in recording the signals. Therefore, clinical application of
these signals is impeded.”* Electrocorticography signals
are superior to intracortical signals with respect to sta-
bility and durability, as demonstrated in monkeys over a
1-year period.* On the other hand, with noninvasive signal
platforms, such as EEG and MEG, it is difficult to record
the gamma band power on a trial-by-trial basis.?’” With
ECoG, the gamma band power is consistently available
to infer movements on a trial-by-trial basis and may be
recorded for a much longer time than intracortical record-
ings. Therefore, although ECoG is an invasive recording
technique, it provides a promising signal that could be
used for a BMI in the clinical setting.
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Conclusions

The real-time decoding of the ECoG signal using the
gamma band power was applied successfully to allow a
paralyzed patient to control a prosthetic hand. This suc-
cess may lead to the development of a clinically feasible
BMI system that uses the safe and stable ECoG signals.
Our method of using the combination of simple move-
ments paves the way for the restoration of motor function
in paralyzed patients using a prosthetic arm controlled by
a BMI through ECoG signals.
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Appendix

Construction of the Decoders

The decoder is a mathematical algorithm used to calculate a
linearly weighted sum of the features x = (x,, X, , Xy) plus a bias
for each class of movement (“linear detector function,” g,..(x)). In
the equation, x; corresponds to the i-th feature of N features, w ,, is
the weight of the i-th feature, and w .. is the bias. Here, each feature
corresponds to a certain frequency band power for each electrode.
That is, 3 (frequency bands) x 60 (electrodes) = 180 features that
were used for this calculation. The weights wy ., and w,,, were
determined for each class of movement such as grasping, opening,
and scissor-shape hands.

= Va2
gc]ass(x) - wO,CIiISS + j=1 wi,class x xi

The class with the maximum value of g, (x) was chosen as
the predicted movement class.!'*! In the case of Decoder 1, the class
corresponds to 1 of 2 states: R or M. For Decoder 2, the class corre-
sponds to 1 of 3 types of movement: grasping, opening, and scissor-
shape hand movements. The selected class indicated the predicted
movement state or movement type.

Individual weights and biases for each class were determined
using the linear SVM applied to a training data set.” First, the SVM
algorithm was applied to each pair of class. The discriminant func-
tion, g;;(x) for the discrimination of Class i and j, is expressed by a
weighted sum of the features plus the bias. Using a training data set,
a linear SVM finds the optimal weight and bias for the discriminant
function. The pairwise discriminant functions comparing Class i
and the other classes were simply added to yield the linear detector
function:

800=20 i 8
The SVM algorithm was implemented using Matlab 2007b.

Fivefold Cross-Validation

To test the generalization of the decoders, we used 5-fold
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cross-validation as a performance measure.>* We randomly divided
the trials into 5 blocks, using 4 for training and 1 for testing. We
then used all of the training data to train the classifier and evaluated
its performance on the test data. This routine was repeated 5 times,
and the averaged correct percentage over all runs is presented as a
measure of decoder performance.
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SUMMARY  The brain-machine interface (BMI) is a new method for
man-machine interface, which enables us to control machines and to com-
municate with others, without input devices but directly using brain sig-
nals. Previously, we successfully developed a real time control system for
operating a robot arm using brain-machine interfaces based on the brain
surface electrodes, with the purpose of restoring motor and communication
functions in severely disabled people such as amyotrophic lateral sclero-
sis patients. A fully-implantable wireless system is indispensable for the
clinical application of invasive BMI in order to reduce the risk of infection.
This system includes many new technologies such as two 64-channel in-
tegrated analog amplifier chips, a Bluetooth wireless data transfer circuit,
a wirelessly rechargeable battery, 3 dimensional tissue-fitting high density
electrodes, a titanivm head casing, and a flucrine polymer body casing.
This paper describes key features of the first prototype of the BMI system
for clinical application.

key words:  brain-machine interface. implantable device, wireless, brain
surface electrodes, motor restoration

1. Introduction
1.1 General Backgrounds

The brain-machine interface (BMI) is a new method for
man-machine interface, which enables us to control ma-
chines and communicate with others without input devices
but directly using brain signals alone (Fig. 1). There are
many diseases and conditions that lead to a loss of mus-
cular control without disruption of the patients’ cognitive
abilities. These include amyotrophic lateral sclerosis (ALS),
brainstem stroke, spinal cord injury, muscular dystrophy,
Parkinson’s disease and cerebral palsy, ete. BMI technology
can offer these patients greater independence and a higher
quality of life by enabling the control of extemal devices to

Manuscript received April 19, 2011.
Manuscript revised May 10, 2011.
*The authors are with the Department of Neurosurgery, Osaka
University, Medical School, Suita-shi, 565-0871 Japan.

The author is with the Graduate School of Information Sci-
ence and Technology, The University of Tokyo, Tokyo, 113-0033
Japan.

" The author is with the Graduate School of Advanced Sciences
of Matter, Hiroshima University, Higashihiroshima-shi, 739-8530
Japan.

¥ The author is with Group of Electrical Engineering, Commu-
nication Engineering, Electronic Engineering, and Information En-
gineering, Tohoku University, Sendai-shi, 980-8578 Japan.
111 The author is with ATR Brain Information Communication
Research Laboratory Group, Kyoto-fu, 619-0288 Japan.
a) E-mail: mhirata@nsurg.med.osaka-u.ac.jp
DOI: 10.1587/transcom.E94.B 2448

Fig.1 A conceptual diagram of the brain machine interface.

communicate with others and to manipulate their environ-
ment according to their will [1]. Functional restoration us-
ing BMlL is a more feasible solution in the shorter term when
compared to methods using neural regeneration or neural
transplantation, which presently lack the critical technolo-
gies necessary to organize functional neural networks.

There are two types of BMIL These are invasive BMI
and non-invasive BMI. Invasive BMI requires surgical pro-
cedures and measures brain signals from intracranial elec-
trodes (needle electrodes or brain surface electrodes), while
non-invasive BMI measures brain signals non-invasively
from outside of the body using scalp electrodes ete. To
achieve higher performance and thus usefulness, we use in-
vasive BMI techniques which involve the implantation of
devices. For use in a practical situation, invasive BMI needs
organic integration of the following medical and engineer-
ing technologies.

1) Neural recording with high spatiotemporal resolu-
tion

2) High speed transfer and processing of neural signals

3) Optimal extraction of neurophysiological features

Copyright © 2011 The Institute of Electronics, Information and Communication Engineers

— 457 —



HIRATA et al.: A FULLY-IMPLANTABLE WIRELESS SYSTEM FOR HUMAN BRAIN-MACHINE INTERFACES

Table1l  Brain signals used for BML
Mossured y . . . Long term
A Bpatial Tampond Tine Tonsive " o e
9}1)5@50}?%5 sanobdion rosolulion dofay o mmx’dvmg Porishility
phopoming sinbility
mri o ogF O3bem X 48 X4 © 0O x
NIRS CBF X 2om % 485 x4 © O O
Neural
EEG setivitins ¥ d-dem O ims @ G @ O O
Neurat N .
MEG s As-imm @ Ums @ 0 O O X
Neural " A
EGoG  od OQzonm @ oms @ 0 © ©
Neural
LR es O I @<otms @ 0 X A )
spike Nouronal @ 0.2mm @{mms @ [+ X % @

agtivities

NIRS: near-infrared spectroscopy, CBF: cerebral blood flow, MEG:
magnetoencephalography, LFP: local field potential

4) Neural decoding

5) Control of external devices such as robots

6) Downsizing, integration, and implantation of elec-
tronic devices, and the use of wireless technology.

7) Non-invasive evaluations for appropriate surgical in-
dications.

8) On-target survey and analysis of patient needs

9) Addressing of neuroethical issues

1.2 Clinical Studies Using Electrocorticograms Recorded
from Brain Surface Electrodes

In the process of providing neurosurgical treatments for cer-
tain groups of patients, we sometimes record brain signals
(electrocorticograms: ECoGs) or electrically stimulate the
brain using electrodes directly placed on the brain surface.
ECoGs selectively measure brain signals within the lim-
ited distance of a few milli-meters without distortion, and
is in addition, insusceptible to external noises, while scalp
skin electrodes measure distorted brain signals (electroen-
cephalograms: EEGs) from a distance of up to a few centi-
meters. Purthermore, ECoG recording from brain surface
electrodes is stable for at least as long as one year [2],
whereas spike recordings from needle electrodes gradually
deteriorate in yield due to chronic inflammatory tissue reac-
tions. ECoG is a well-balanced brain signal for BMI (Ta-
ble 1). Thus, we prefer to use ECoGs recorded by brain
surface electrodes for BMI to achieve a high performance.

Eighteen subjects have participated in our clinical stud-
ies to date. All of the subjects were recruited from patients,
whom we temporarily had to place brain surface electrodes,
to treat intractable pain or intractable epilepsy. Informed
consent was obtained from all of the patients. All studies
were performed with the approval of the ethics committee
of Osaka University Medical Hospital.

1.3 Neural Decoding Using Electrodes within Brain
Grooves

Most of the primary motor cortex, which is responsible for
the final output portion of motor commands, lies within the
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anterior wall of the central sulcus. Therefore if we can
directly extract the brain signals from the central sulcus,
it may be an optimal target for neural decoding of motor
function. To demonstrate this hypothesis, we investigated
ECoGs recorded from the brain surface electrodes inserted
within the central sulcus during two or three types of simple
motor tasks of the hand or the arm, such as grasping, pinch-
ing, and elbow flexion. We predicted the type of movement
based on analysis of single trial ECoGs using a support vec-
tor machine (§VM) algorithm. As a result, we were able to
predict movement types on a single trial basis with an ac-
curacy rate of 70-90%. Specifically, we first demonstrated
that ECoGs from the anterior wall of the central sulcus (the
groove in the brain where most of the primary motor cortex
lies) are useful for the accurate and early decoding of the
movement types [3]. We consider that the extraction of ap-
propriate neurophysiological features from the central sul-
cus contributed to the accuracy of our movement decoding.

1.4 Real Time Robot Control Using a Wired BMI System

We applied the above-mentioned decoding method using
SVM to an ECoG based BMI system for the real time con-
trol of a robot arm. We also introduced successive SVM de-
coding every 200 ms. ECoGs were measured using a clinical
128-channel digital EEG system (EEG 2000; Nihon Koden
Corporation, Tokyo, Japan) and digitized at a sampling rate
of 1000Hz. The robot arm was an experimental anthropo-
morphic hand developed by Prof. Yokoi [4]. As a result, we
succeeded in the voluntary control of the grasping and re-
leasing of objects [5]. Using a successive decoding and con-
trol algorithm, smooth robot-hand movement was achieved
even though the decoding accuracy on a single trial basis
was approximately 70%.

1.5 Necessity for a Fully-Implantable Wireless System

Wired leads which penetrate the skin pose a high risk of in-
fection. It is necessary to fully implant a recording system
within the body, in order to reduce infection risk through
penetrating wire leads. For this reason, we are in the process
of developing a fully-implantable ECoG recording system.
Integrating this wireless system into the above-mentioned
real time BMI system, we ultimately aim to develop a
Wireless Human ECoG-based Real-time BMI System (W-
HERBS).

In this paper, we describe the development of the
first prototype of our fully-implantable wireless system for
human brain-machine interfaces using brain surface elec-
trodes.

2. System Overview
Figure 2 shows a schematic diagram of our fully-

implantable wireless system. Figure 3 shows the first pro-
totype. This fully-implantable system includes many new
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technologies such as two 64-channel integrated analog am-
plifier chips, a Bluetooth wireless data transfer circuit, a
wirelessly rechargeable battery, 3 dimensional tissue con-
formable high density electrodes, a titanium head casing,
and a fluorine polymer body casing.

The implantable system consists of two parts. One is a

High density Printed Circuit Board Tissue Conformable Brain

| Integrated Analog Amplifier Chip Surface Microelecirodes
{8dchix 2
- Signal Amglification

« AID Conversion

3UOE IS (epHY | Buise) pesy

Microchip Controller

Data Transfer

Rechargeable Battery

-Battery Regulation
<Chip Control

Suisen Apog sawhjog suuon)y

Wireless Power Supply
{Reciever)

Wireless Power Supply

(Transmitter}

Fig.2  Schematic diagram of the fully-implantable wireless system.

A. Brain surface microelectrodes conformable to the outer surface
of'the individual brain.

Brain surface microelectrodes conformable to the brain groove.

A fitanium head casing / artificial skull bone,

A fluorine polymer body casing.

E. A wireless rechargeable unit, F. A wireless data transfer unit

vnw

Fig.3  The first prototype of the fully-implantable wireless system for
the W-HERRBS.
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head part and the other is a body part. The head part con-
sists of tissue conformable brain surface micro-electrodes, a
titanium head casing working as an artificial skull bone also,
and a 128-ch integrated analog amplifier unit in it. The body
part consists of a wireless data transfer unit and a microchip
data controller, a wireless rechargeable unit, and a fluorine
polymer body casing.

3. Integrated Analog Amplifier Unit

ECoG is characterized as the signals with low frequency
bands from 0.1Hz to 500 Hz and small amplitudes from
1V to I mV (Fig. 4 A). It is necessary to reduce the input-
referred noise of amplifier to record it [6]. Variable band-
width and wide dynamic ranges are also important,because
commercial AC noises with similar frequency bands eas-
ily contaminate ECoG signals. Thus, a high-linearity low
noise amplifier with a variable bandwidth was developed to
cover the frequency bands and voltage gains appropriate for
recording ECoG signals [7]. The low noise amplifier with
0.1 Hz roll-off frequency is implemented with core differ-
ential amplifiers using large size MOSFETSs and capacitor
feedback scheme biased by ultrahigh resistors of cascade
12 MOSFETs (Fig. 4 B). A VLSI chip was fabricated using
CMOS 0.18 um process technology in the chip fabrication
program of VLSI Design and Education Center (VDEC),
the University of Tokyo.
Specifications of the chip functions are as follows.

e channel numbers: 64 channels
s 12bits A/D converter

Bignal

ézpms;&%y('c’m“"”"”““""'”'"":f‘giemamd@gmn Grnrranesas s

ECG)

X100........4
=20d8

OdHz 1Hz  10Hz 100Hz IkHz  10kHz 100KHz
Frequency

B 12 zeriss

25mm

A: Target frequency bands and gains to cover ECoG signals and local
field potentials (LFP).  B: A circuit schematic of low-noise amplifier.
C: A 128-channel integrated analog amplifier board

Fig.4  [negrated analog amplifier.
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Fig.5  Wireless data transfer unit.

voltage gain: 40-80dB

signal frequency bands: 0.1-1000 Hz

input referred noise: 2.8 £V

power consumption: 4,9 mW

chip size: 5,0mm X 5.0mm

master/slave function for a 128-channel system

¢ & 0 ¢ & °

A 128 channel analog amplifier board consists of
two chips mounted on two high-density printed boards
bridged by flexible printed wiring (Fig.4 C). The size is
20mm X 30 mm X 2.5 mm, which is small enough to be
placed within a head casing described in Sect. 7.

4.  Wireless Data Transfer Unit

We adapted the Bluetooth protocol communication (Class
2) for the first prototype for high usability. A combina-
tion of 2 sets of Bluetooth circuits enabled us to achieve
effective data transmission rates of 400kbps, which allows
the transfer of 128-ch x 12-bit ECoG data in real time.
Power consumption is approximately 300 mW, which means
that most of the whole systems power is consumed by the
wireless data transfer. Further improvements in the data
transfer protocol should be made to achieve faster and less
power consuming operation of the system. The size is
60mm x 60 mm x 8 mm, which also needs to be reduced
(Fig. 5). One of the solution is to change data transfer pro-
tocol from Bluetooth to WLAN or UWB.

5. Wireless Rechargeable Unit

The wireless battery charging system consists of two parts.
One is a transmitter outside of the human body, and the other
is a receiver inside of the human body. We achieved a wire-
less charging power of 4 W at a distance of 38 mm, which
is sufficient to work the whole implantable system (Fig. 6).
The coil size of the abdominal part is 40 mm in diameter and
8 mm in thickness, which may be scaled down, if the power
consumption is reduced.
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Fig.6 Relationship between gap and powerfefficacy of the wireless
rechargeable unit. 7 indicates % proportion of output to input in the free
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6. Tissne Conformable Brain Sarface Microelectrodes

In order to record ECoGs with higher spatiotemporal reso-
lution, we developed 3 dimensional high density grid elec-
trodes, which fit to an individual’s brain surface [8]. We
extracted 3 dimensional surface data of the brain surface
and the brain groove from the patient’s individual MR im-
ages, An automatic brain groove extraction software (Brain
VISA, http://brainvisa.infof) was used. Then we designed
male and female molds for the grid electrodes using 3D
CAD software (3 matic, Materialize Japan, Tokyo) (Fig. 7).
The molds were then rapidly produced by a 3D printer. Sil-
icon sheets fitting the brain surface were made with these
molds. The location of each platinum electrode (1.0 mm in
diameter) was designed with 3D CAD, taking account of the
individual's anatomical information. Inter-electrode spac-
ing was up to 2.5 mm. Regarding brain groove grid elec-
trodes, electrodes can be located on both sides of the elec-
trode sheet. These 3D grid electrodes fit to the brain surface
with only minimal compression of the brain tissue, and with
high ECoGs yields due to their close contact with the brain
surface.

7. Head Casing and Artificial Skull Bone

We developed a head casing made of titanium, which con-
tains a 128 ch amplifier unit. This casing works as a head
casing as well as an artificial skull bone, cut to fit a patient’s
individual skull bone shape using 3D CAD (3 matic) and 3D
CAM (Gibbs CAM, Gibbs and Associates, USA) softwares
(Fig. 8) [9]. This head casing not only has cosmetic advan-
tages, but it is also safer because other convex shapes pose a
higher risk of cutaneous fistula.

8. Fluorine Polymer Body Casing

Compared to a head casing, a body casing offers larger space
and does not require careful cosmetic consideration. We
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Tissue conformable brain surface microelectrodes fit individual brain
surfaces. A, B: Gyral (brain surface) electrodes. C, D: Sulcal (brain
groove) electrodes. E: Mold designed with 3D CAD software after
automatic sulcal detection.

Fig.7  Tissue conformable brain surface microelectrodes.

A, B: Head casing designed using 3D CAD software. Three
dimensional skull bone data were obtained from individual’s CT
images. A: Outer side view. B: Inner side view. The head casing
contains two 64-channe] integrated amplificer chips on a small mounting
board which are mounted on a folded inner panel as indicated in a gray
color. C: A prototype casing. Lefi: inner side view. Right: outer side
view,

Fig.8 A titaniom head casing/artificial skull bone.

introduced a soft casing made of fluorine polymer, which
has advantages in terms of cost, chemical stability, durabil-
ity, as well as biocompatibility. This body casing embeds a
wireless data transfer unit and a microchip data controller,
a wireless power supply unit and a rechargeable battery in
silicone covered by fluorine polymer films.

9. Concluding Remarks

We have developed the first protolype of a fully-implantable

[EICE TRANS. COMMUN., VOL.E94-B, NO.9 SEPTEMBER 2011

wireless system. A fully-implantable wireless system is in-
dispensable for the clinical application of invasive BMI to
reduce the risk of infection. Sufficient bench testing and
animal experiments are necessary in advance to the clinical
situation.

BMI is a typical application where advanced meth-
ods for telecommunication are required. The telecommuni-
cation should be highly reliable to meet the demands of BMI
used for medical devices. Also, it should operate with min-
imal delay, should transmit a plenty of data, should have
high tissue permeability, and should be small enough to
be implanted. A high-speed digital data transfer protocol
with high tissue permeability meets our needs. A high band
UWB chip is one of the candidates. There are great expec-
tations for the progress of medical telecommunication.
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