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Abstract— Volitional control of neural activity lies at the
heart of the Brain-Machine Interface (BMI) paradigm. In this
work we investigated if subdural field potentials recorded by
electrodes < Imm apart can be decoupled through closed-loop
BMI learning. To this end, we fabricated custom, flexible
microelectrode arrays with 200 pm electrode pitch and
increased the effective electrode area by electrodeposition of
platinum black to reduce thermal noise. We have chronically
implanted these arrays subdurally over primary motor cortex
(M1) of 5 male Long-Evans Rats and monitored the
electrochemical electrode impedance in vivo to assess the
stability of these neural interfaces. We successfully trained the
rodents to perform a one-dimensional center-out task using
closed-loop brain control to adjust the pitch of an auditory
cursor by differentially modulating high gamma (70-110 Hz)
power on pairs of surface microelectrodes that were separated
by less than 1 mm.

I. INTRODUCTION

At cellular length scale, neurons constitute discrete
functional units that are readily decoupled in a closed-loop
Brain-Machine Interface (BMI) setting [1]. Likewise,
volitional activity control of large brain areas (e.g. motor
cortex vs. visual cortex) has been established through EEG-
based BMI [2]. However, volitional decoupling of mesoscale
activity on the order of a single (or of a few) cortical column
(100s to 1000s of microns), as well as the optimal size and
nature of such hypothetically controllable functional
domains, remains highly debated.

Electrocorticography (ECoG), the measurement of
electrical potentials on the surface of the cerebral cortex, is
uniquely suited to investigate such mesoscopic cortical length
scales. In as early as 1972 Brindley and Craggs reported a
correlation between voluntary movement and ECoG signals
[3]. Recently, the BMI community has developed a
pronounced interest in ECoG-based BMIs for the neural
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control of high performance motor and communication
prostheses because ECoG provides higher spatial resolution
that EEG and causes less damage to neural tissue than
penetrating micro needle arrays. For applications in BMI,
developing high fidelity ECoG grids that optimally sample
the cortex could enable smaller, less invasive, implants that
provide more neural activity data for precision control.
Published reports on optimal grid resolution are inconsistent
and highly dependent on the animal model, the type of
experiment, and the analysis performed. To give a few
examples: Freeman et al. estimated optimal electrode pitch to
be 1.25 mm for human cortex [4], Slutzki et al. reported 0.6
mm in rat [5], Viventi et al. [6] observed functional gradients
on the order of 0.5 mm in epileptic dogs, and Khodagholy et
al. reported independent cortical potentials mere 60 um apart

[7].

Rouse et al. recently demonstrated that monkeys can be
trained to decouple gamma activity (power of electrocortical
field potentials present between 65 and 115 Hz) on arbitrarily
chosen electrodes to perform a 1-dimensional center-out BMI
task [8] — as opposed to functionally pre-selected electrodes
commonly used in human ECoG-BMI experiments on
patients who undergo pre-surgical mapping before surgical
epilepsy intervention [9]. Rouse’s ‘output electrodes’ — i.e.
electrodes chosen for BMI control — were separated by more
than 3 mm and placed over distinct functional areas: one over
primary motor cortex (M1), the other over dorsal premotor
cortex (PMd).

In this work, we are using an experimental paradigm
similar to Rouse’s to investigate if gamma power decoupling
can be learned for output electrodes that are separated by
less than 1 mm and that are located over the same
macroscopic functional area (MI). To this end, we have
developed a custom microelectrode array (Fig. 1) with 200
um electrode pitch (II.A.) and modified the electrode surface
to lower impedance and reduce thermal noise (II.B.). We
have chronically implanted the arrays over primary motor
cortex (M1) of five male Long-Evans Rats and successfully
trained the animals to adjust the pitch of an auditory cursor in
a one-dimensional center-out task by differentially
modulating high gamma (70-110 Hz) power on two surface
microelectrodes. These output electrodes were preselected to
exhibit a medium level of spontaneous activity and mutual
correlation in the gamma band but otherwise chosen
arbitrarily. This BMI task was a modification of the single-
unit based control paradigm reported by Koralek er al [10].
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II. Low NOISE ARRAY DESIGN

A. Array fabrication and assembly

We have designed and fabricated 10 pm thin, flexible
micro-electrocorticography (LECoG) arrays (64 channels,
40 pm electrode diameter and 200 pm electrode pitch) using
Parylene C as both substrate and dielectric. The conductor
consisted of an evaporated metal tri-stack (10 nm Pt, 140 nm
Au, 50 nm Pt) patterned by lift-off. The electrode surface
was modified with low-impedance platinum black (see I1.B).
A micrograph of the array sensing area is shown in Fig. 1.
Our custom fabrication process is described in detail
elsewhere [11]. The monolithically integrated cable was
thermo-compression-bonded to a fan-out printed circuit
board (PCB) using anisotropic conductive film (ACF); the
adaptor PCB was outfitted with two 34-pin ZIF connectors
(DF30FC-34DS-0.4V, Hirose) compatible with the ZIF-
Clip® neural recording headstage (Tucker Davis
Technologies).

B. Platinum black lowers electrode impedance

A passive neural interface, modeled as an ideally
polarizable electrode, compounds the acquired signals of
neural origin with thermal noise (Johnson-Nyquist) [12],

[13]. The square of that noise Vniise is proportional to the

real part of the electrode impedance Re(Z( f)) [14]:

V2w = 4KT [Re(Z(f)df )

In equation (1) kb is the Boltzmann constant, T is the

absolute temperature, f is the frequency and B is the
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Figure 2. Optical micrograph of 64-channel, high-density LHECoG:
The device featured 200 pm electrode pitch, 40 um electrode diameter
and 10 pm minimum feature size (trace/space). Some of the displayed
electrodes consisted of smooth and highly reflective, evaporated
platinum. The black lectrodes were electrochemically plated with
platinum black, a porous form of platinum that increased the effective
electrochemically available area and decreases electrode impedance.
Perforations in the parylene, increase the array’s mechanical
compliance and allow vascularization through the array.

[ Evapotated platinum electrodes
Electroplated platinum black on odd electrodes

Real Part of Impedance (MQ) at 1 kHz

Channel number (arbitrary)

Figure 1. Impedances of plated vs. non-plated electrodes: The
magenta bars show the real part of the impedance for 14 evaporated
platinum electrodes. The cyan bars show impedances of the same
electrodes after every odd-numbered electrode was direct current
(DC) plated with platinum black for 45 s at a current of ~ -0.5 HA.
Note the logarithmic resistnance scale: platinum black deposition
reduced the electrode impedance by more than two orders of
magnitude.

bandwidth of the signal (typically < 1 kHz for ECoG). In
order to compensate for the small geometric area of our
microelectrodes, we have increased the electrochemically
available electrode area by plating each electrode with
platinum black [15]. Platinum black was electrochemically
deposited according to the reaction equation

[PtCL, | (ag.)+4e™ — Pt(s)+6CI (aq.)

from a solution of hexachloroplatinate (Thermo Electron
Corporation, Orion 010010). The grid electrodes served as
cathodes and were electroplated serially using a nanoZ
(White Matter, LLC) in galvanostatic mode for 45 s. The
current was limited to 500 nA. We were able to decrease the
electrode impedance by more than two orders of magnitude
compared to evaporated platinum. A comparison between
the resistive impedance of plated and nonplated electrodes
(measured when immersed in phosphate-buffered saline
(PBS) at 1kHz using the nanoZ), is shown in Fig. 2).

III. CHRONIC IMPEDANCE MONITORING

A. Chronic implantation

All experiments were performed in compliance with the
regulations of the Animal Care and Use Committees
(ACUC) at the University of California, Berkeley. Five male
Long-Evans rats weighing roughly 250 grams were
chronically implanted with subdural 64-channel pPECoG
arrays (as described in IT) over primary motor cortex (M1) of
the right hemisphere. Stereotactic coordinates relative to
bregma were used to center the arrays over MI:
anteroposterior 2 mm, mediolateral 2 mm. Rats were
anesthetized with Ketamine (50 mg/kg) and Xylazine (5
mg/kg) with supplemental isoflurane gas. A small
craniectomy (2 mm x 3 mm) was performed, the dura
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Figure 3. Time course of impedance magnitude and phase, post-

implantation, averaged over the 64-pECoG electrodes. The error bars

reflect the standard error of the mean. Most electrode impedance

magnitudes were in the range acceptable for acquisition of surface

local field potentials (< IMQ at 1 kHz).
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Figure 4. Target accuracy as a function of time during the learning
phase: Averaged over a recording session, the animals performed the
task above chance on most recording days. On average, performance
improves over time but not monotonically.

removed, the array positioned on the cortex, the craniectomy
covered with Gelfoam, superglue, and dental acrylic to
secure the Zif-Clip connector. Scull screws placed around
the craniectomy provided ground and reference, and secured
the acrylic cap.

B. In Vivo Impedance Monitoring

In order to assess device health after implantation, we
measured the electrochemical impedance at 1kHz at five
different time points: 12 days, 41 days, 114 days, 176 days,
and 370 days post-operatively. The measurements were
performed using the nanoZ; the counter electrode was
attached to the rat’s tail.

Overall, we observed a slight decrease in impedance
magnitude as a function of time post-implantation (Fig. 3,
top). The wvariability of impedance magnitudes increased
slightly as a function of time. Variability in electrode
impedance indicates the absence of inter-electrode shorts, and
can be interpreted as an absence of delamination. Most
electrode impedance magnitudes were in the range acceptable
for acquisition of cortical surface field potentials (< 1IMQ at 1
kHz).

Phase variability increased slightly as a function of time
passed since implantation (Fig. 3, bottom).

IV. BRAIN CONTROL OF AUDITORY CURSOR

Cortical field potentials were simultaneously recorded
using a 64-channel Zif-Clip headstage (Tucker-Davis
Technologies, ZC64) connected to a Multichannel
Acquisition Processor (MAP; Plexon Inc., Dallas, TX)
through a commutator. Behavioral timestamps were sent to
the MAP recording system through Matlab (Mathworks,
Natick, MA) and synchronized to the neural data for later
analyses. All continuous data was sampled at 1 kHz.

A. Behavioral Task

The behavioral task was a variation of [10]. After the rodents
recovered from surgery (typically 7-10 days), two low-noise
microelectrodes over M1 were chosen at random given the
constraint that they be 800 um apart. The negative logarithm
of gamma power (70 Hz — 110 Hz) was averaged over non-
overlapping 200 ms windows and entered into an online

transform algorithm that translated gamma power P (t,)

averaged over the i-th time window into pitch f(#;) of an
auditory cursor. The specific transform used was:

f(ti):al'Ry(ti)_az'[)zy(ti)+ﬁ ()

where the coefficientst,, ,, and ﬁ were dynamically

recalculated based on baseline recordings in absence of
auditory feedback. Under this transform, increased activity
on the first electrode produced a heightening of the cursor
pitch, while increased activity on the other electrode resulted
in lowering of the cursor pitch. Thus, in order to move the
cursor in any one direction, the rodents had to learn to
modulate gamma power on the two chosen electrodes
differentially, as opposed to modulating bulk gamma activity
in M1. The gamma power modulation had to be precise to
move the cursor to one of two target pitches to obtain a
target-specific reward, either in form of 20% sucrose
solution or in form of a 45 mg food pellet reward. Rats were
free to choose either reward in any given trial. A trial was
marked incorrect if neither of these targets were achieved
within 30 seconds of trial initiation. Chance levels of target
achievement were estimated from daily baseline recordings,
1000 cycles long, in absence of auditory feedback.

B. Closed loop learning performance

At 800 um electrode distance (center to center), the animals
successfully learned to perform the BMI task significantly
above chance within a single training session. Target
performance was above chance on most days, and increased
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Figure 5. Target accuracy above chance as a function of distance
between the ‘output electrodes’: The animals are able to learn
controlingto control the auditory cursor even ifwith the output
electrodes were adjacent, (i.e. as close to each other as 200 um
center-to-center. ).

on average over time. However, the learning progress was
non monotonic as is illustrated in Fig. 4.

C. Target accuracy as a function of electrode distance

We performed a variation of the experiment where we
altered the electrode distance of the output electrodes (by
using different electrodes on the grid) for two days at a time
to test if the rats could learn alternative decoders and to
investigate whether their ability to modulate gamma power
differentially breaks down for electrodes that are too close
together. Not only were the animals able to learn to use new
pairs of output electrodes quickly, we found that the rats
successfully learned to decouple gamma power on length
scales as small as 200 um (Fig. 5). The data may suggest
that there exists an optimum mesoscale for control on the
order of 600 um. Such a finding would be consistent with
[5] and with the scale of cortical columns proposed in
literature [16]. The increased propensity to decouple activity
on the length scale of a single column might be explained by
lateral inhibition between adjacent columns. We have
anecdotally observed that across all investigated length
scales, the rats’ ability to learn the BMI task may depend on
the specific choice of control electrodes. We hypothesize
that output (i.e. BMI) electrodes can be decoupled if they
record from separate cortical columns that are part of
separable functional columnar networks, the existence of
which has been postulated on computational grounds [17].

V. CONCLUSION

This work carries implications for the development of
practical LECoG-based BMI, as it demonstrates the benefits
of high-density electrode arrays and, at the same time, hints
at a fundamental limit for the maximum useful spatial
resolution (200 um). The fact that sub-mm length scales can
be decoupled through learning, could promote the
development of clinically relevant, minimally invasive
neural interfaces that do not break the blood-brain barrier

and can be implanted through very small burr holes.

This study needs to be expanded to establish the
significance of any trend in Fig. 5. Moreover, to test the
hypothesis that columnar organization into micro-networks
ultimately determines the minimum decoupleable length
scale useful for L[ECoG-based BMI control, the correlation
between target accuracy and cortical microanatomy below
the control electrodes should be investigated.
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