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Abstract

Objective—Brain machine interfaces (BMIs) have the potential to restore movement to people

with paralysis. However, a clinically-viable BMI must enable consistently accurate control over

time spans ranging from years to decades, which has not yet been demonstrated. Most BMIs that

use single-unit spikes as inputs will experience degraded performance over time without frequent

decoder re-training. Two other signals, local field potentials (LFPs) and multi-unit spikes (MSPs),

may offer greater reliability over long periods and better performance stability than single-unit

spikes. Here, we demonstrate that LFPs can be used in a biomimetic BMI to control a computer

cursor.

Approach—We implanted two rhesus macaques with intracortical microelectrodes in primary

motor cortex. We recorded LFP and MSP signals from the monkeys while they performed a

continuous reaching task, moving a cursor to randomly-placed targets on a computer screen. We

then used the LFP and MSP signals to construct biomimetic decoders for control of the cursor.

Main results—Both monkeys achieved high-performance, continuous control that remained

stable or improved over nearly 12 months using an LFP decoder that was not retrained or adapted.

In parallel, the monkeys used MSPs to control a BMI without retraining or adaptation and had

similar or better performance, and that predominantly remained stable over more than six months.

In contrast to their stable online control, both LFP and MSP signals showed substantial variability

when used offline to predict hand movements.

Significance—Our results suggest that the monkeys were able to stabilize the relationship

between neural activity and cursor movement during online BMI control, despite variability in the

relationship between neural activity and hand movements.

Corresponding author: Marc W. Slutzky, MD, PhD, 303 E. Superior Ave., Lurie 8-121, Chicago, IL 60611,
mslutzky@northwestern.edu.

The authors have no conflicts of interest to disclose.

NIH Public Access
Author Manuscript
J Neural Eng. Author manuscript; available in PMC 2014 October 01.

Published in final edited form as:
J Neural Eng. 2013 October ; 10(5): 056005. doi:10.1088/1741-2560/10/5/056005.

N
IH

-P
A

 A
uthor M

anuscript
N

IH
-P

A
 A

uthor M
anuscript

N
IH

-P
A

 A
uthor M

anuscript



Introduction

The ability to decode movement intent from the cerebral cortex has spurred accelerating

development of brain machine interfaces (BMIs) in the last decade. BMIs provide a way to

control an external device directly [1–4] or restore limb movement [5–7] using cortical

signals. Biomimetic BMIs are trained using normal movement, providing an intuitive

mapping between body movements and the external effector [8]. Most biomimetic BMIs

have used single-unit action potentials, or spikes, but it is difficult to retain the same single

units for more than a few weeks with multielectrode arrays [9]. Worse, these implants suffer

neuron dropout on a majority of electrodes after a few years [10]. Multi-unit spikes (MSPs),

defined here as threshold-crossing events, may have greater longevity and stability than

single-unit spikes [11], while providing similar decoding accuracy [12]. Local field

potentials (LFPs) also provide highly accurate offline reconstructions of reach kinematics

[13–18], grasp kinematics [19], and muscle activity [20]. Furthermore, LFP-based

movement decoding remains accurate in the absence of spiking activity at the same

electrode [18, 21], suggesting that LFPs may exhibit better longevity than single units.

The relationship between single-unit spike activity in motor cortex and reach kinematics has

been shown to be stable over several hours to a few days [22, 23], although others have

shown substantial variability in this relationship over the same timescale [24, 25]. The

relationship between carefully-selected single-unit spikes and BMI-controlled cursor

movement has also been shown to be stable over a few weeks [26], but not over longer

periods. Since MSPs, and in particular LFPs, represent aggregate neuronal activity sampled

from a wider spatial extent than single units [27–29], it has been hypothesized that these

signals may be less sensitive to nonstationarity in individual neurons’ activity and thus may

enable more stable BMI performance [30].

The current study demonstrates, for the first time, continuous real-time control of a

computer cursor using LFPs in a biomimetic BMI. Two monkeys used a static LFP decoder

to achieve stable, accurate cursor control over 350 days. We also demonstrate that monkeys

could use an MSP-based BMI to achieve stable performance for nearly 200 days.

Materials and Methods

All procedures were performed under protocols approved by the Northwestern University

Institutional Animal Care and Use Committee.

Random target pursuit task – hand control

Two adult rhesus macaques, one male and one female (monkeys C and M) used a two-link

manipulandum to move a cursor (1-cm diameter circle) within a rectangular planar

workspace (20 cm × 20 cm) in a random-target pursuit task (Figure 1). The task consisted of

moving the cursor to a series of targets placed at random locations on the screen, and

holding within each target for 0.1 s. The monkeys were required to correctly hit 6

consecutive targets before receiving a reward. Target size was 2 cm × 2 cm square. Trials in

which the monkey required more than 2 s to reach a target, or exited a target before the hold

period elapsed, were labelled failures.
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Microelectrode array implantation

In each monkey, we surgically implanted a 96-channel silicon electrode array (Blackrock

Microsystems) into the primary motor cortex (M1) contralateral to the arm used to control

the cursor. Electrode shank length was 1.5 mm. During surgery, monkeys were anesthetized

with isoflurane (2–3 %). Electrode arrays were implanted in the arm/hand area, as

determined by referencing cortical landmarks and by intraoperative electrical stimulation

with a silver ball electrode (2–5 mA, 200 μs pulses at 60 Hz). During stimulation, a reduced

level of isoflurane (< 0.5 MAC) was supplemented with intravenous remifentanil (0.15 –

0.30 μg/kg/min) to reduce suppression of cortical excitability. Anaesthetic depth was

assessed at all times by monitoring jaw muscle tone and vital signs. The arrays were

grounded to the Cereport pedestal and referenced to a platinum wire with 3 mm exposed

wire length placed under the dura. Both monkeys were given postoperative analgesics

buprenorphine and meloxicam for 2 and 4 days, respectively. Further details of the surgery

can be found in [31].

Data acquisition and decoder training

All neural and behavioural data were recorded using a 96-channel Multiple Acquisition

Processor (Plexon, Inc, Dallas, Tx). We calculated the end-point position of the hand from

the manipulandum’s joint angles (sampled at 1 kHz) and downsampled to 20 Hz for

analysis. LFP signals were band-pass filtered from 0.7 Hz to 300 Hz (or 0.7 Hz to 170 Hz on

32 of the channels) and sampled at 1 kHz. To build the static online control decoder for each

monkey, we used ten minutes of continuously-recorded reaching activity. For each LFP

channel, we calculated the local motor potential (LMP; [32, 33] as a sliding 256 ms window

of the LFP signal to provide a sample every 50 ms. In addition to the LMP, we computed the

spectral power of each LFP channel by applying a 256-point Hanning window (overlapped

by 206 points) and calculating the squared amplitude of the windowed signal’s discrete

Fourier transform. We averaged spectral power within the following frequency bands: 0–4

Hz, 7–20 Hz, 70–115 Hz, 130–200 Hz, and 200–300 Hz. As the total feature set of 576

features (for 96 recorded signals) could lead to overfitting, we performed dimensionality

reduction as in prior studies. We computed the absolute value of the correlation coefficient (|

R|) between each feature and the velocity in each dimension, and selected the 150 features

with highest mean |R| as inputs to a Wiener cascade decoder [34–36]. We previously used

the Wiener cascade filter with offline LFP decoding of movement [18] and EMG [20]. The

Wiener cascade included 10 lags, for a total filter length of 0.5 s.

Multiunit spikes were preprocessed by high-pass filtering at 300 Hz and sampled at 40 kHz.

The threshold on each channel was set by visual inspection once at the beginning of the first

MSP session and kept constant for the duration of this study. The mean thresholds over all

channels were 3.8 and 4.9 standard deviations above baseline for monkeys C and M,

respectively. MSP firing rates in 50-ms bins were used as the inputs to a Wiener cascade

filter (including 10 causal lags).

Brain control using LFPs and MSPs

Monkeys performed online control (brain control) in the random target pursuit task by

moving the cursor to a randomly-located, 4×4-cm square target with a 0.1 s hold time,
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within 10 s of target appearance, for a liquid reward. The monkeys were free to move their

arms during brain control. Cursor position was determined as the integral of predicted cursor

velocity, updated every 50 ms. Velocity predictions were made in real time using custom

software running on a Linux platform. For LFP-based brain control, we extracted features

every 50 ms. The same LFP features selected to build the decoder were used to predict x-

and y-velocities. For MSP control, binned spike times were used in the BMI to predict

velocity. Both forms of brain control used an offset to adjust the velocity predictions at each

50-ms time step. We reasoned that in the random target pursuit task, the mean velocity in

each direction should approach zero over a sufficiently long time span. Therefore, we

applied a high-pass filter (time constant 60 s) to the predicted velocities before integrating to

obtain cursor position.

During the course of the study, a few LFP channels became corrupted with high-amplitude,

low-frequency noise. In some cases, the cause was a broken wire in a cable or connector,

and in others it may have been a problem on the array itself. We removed bad channels from

the static decoder by setting all entries associated with that channel to zero in the decoder’s

transformation matrix. Once a channel was removed in this manner, it was not restored, and

the static decoder was not recalculated. Low-frequency noise did not occur on MSP

channels, so they were not removed. A few MSP units did not produce threshold crossings

on some days, but we did not observe a channel that became permanently devoid of spikes.

Monkeys used two distinct LFP-based decoders, built on days 0 and 231 for monkey M and

days 0 and 224 for monkey C (see Figure 2). Each decoder was trained on 10 minutes of

hand control data and then held fixed through all testing days.

Performance measures

To quantify performance during brain control, we measured the overall success rate, defined

as the ratio of rewarded trials to total number of trials in an epoch. Multiple brain control

epochs, usually lasting 20–40 minutes, were recorded in each day’s session, and monkeys

performed 3–5 epochs per week of brain control. In addition to success rate, we calculated

three kinematic variables from successful trials: (1) normalized time-to-target, (2)

normalized path length, and (3) the index of performance, according to Fitts’ law. The first

two kinematic measures were calculated as in Suminski et al. [37]. The normalized path

length essentially quantifies path curvature; a value of 1.0 corresponds to a perfectly straight

line. This measure is related to the movement variability index developed by Mackenzie et

al [38] and was used previously to quantify BMI performance in a paralyzed human subject

[39]. The index of performance was similar to the throughput quantity specified in part 9 of

the ISO 9241 standard for non-keyboard computer input devices. It was calculated according

to the Shannon formulation of Fitts’ law [40, 41]:

where TT was the time to target, and ID was the index of difficulty
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Here, D was the distance between the start and the end of a reach, and W was the width of a

target. The median across trials for each epoch was reported.

Chance performance

We computed a chance performance level for success rate during brain control by applying

the LFP decoder to phase-randomized LFPs from brain control epochs [17, 18]. We used the

cursor trajectories predicted by this method, and the actual sequence of target locations, to

calculate success rate in the same manner as described above, with a 10 s time limit to reach

each target. We performed this analysis on 10 minutes of data from each of 3 different days.

We repeated the procedure of randomization, prediction, and evaluation 1000 times on each

day’s data.

Stability of offline decoding

We tested the hypothesis that using a static decoder to make offline predictions of hand

control files would result in decreased performance over time. For each monkey, we selected

9 hand control epochs from which to build LFP decoders, and 9 epochs from which to build

MSP decoders. In each case, one of the decoders was the one used for online brain control.

We split the initial (day 0) hand control epoch into 10-minute segments and trained a

decoder using data from the first segment. We then held that decoder static, and tested it on

(1) the second segment from day 0, and (2) subsequent hand control epochs, up to 100 days

later. We measured decoding accuracy by computing the coefficient of determination (R2)

between predicted and actual hand velocities. We selected hand control testing data from

epochs spaced throughout the length of the study on a subset of the days brain control was

performed.

Results

Monkeys M and C performed the continuous random pursuit task under brain control using

two LFP decoders (LFP1, LFP2), and one multiunit spike decoder (MSP). A typical day’s

experiment included a hand control epoch (10–20 minutes of task execution), as well as an

LFP control epoch (20–30 minutes) and/or an MSP control epoch (20–30 minutes.). Table 1

shows the frequency with which the monkeys used each decoder. From day 16 to day 98, the

monkeys’ weekly exposure to the LFP1 BMI was limited to 1–2 epochs/week, due to their

participation in an unrelated study. Following that period, the monkeys performed the

random-target BMI task 5 days/week. Each day’s experiment lasted 1–2 hours. In the course

of a typical week, we varied the order of decoders used within the brain control epochs. By

the end of the study, we had removed 12 channels each from monkey C and M’s LFP1

decoders due to noise (see Methods). Only 2 and 1 channels were removed from monkey C

and M’s LFP2 decoders, respectively, during the course of brain control with those

decoders. Monkey C averaged 84 ± 2 (mean ± SD) MSP units, while Monkey M had a

remarkably stable 84 ± 0.3 MSP units.
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Accurate BMI performance with static LFP and MSP decoders

Both monkeys demonstrated high performance during brain control (Table 2). This was true

for both LFP-based and MSP-based brain control. In each case, the performance was well

above chance success rate. (Chance performance was 5 ± 3% and 4 ± 3% for monkeys C

and M, respectively.) Indeed, performance with both types of decoders was similar to that

seen in other spike-based brain control studies (see Discussion). When averaged over all

epochs, spike-based brain control outperformed LFP-based brain control in most measures

(p<10−6 for all measures comparing LFP1 vs. MSP or LFP2 vs. MSP using t-tests), except

for success rate (p=0.63, LFP1 vs. MSP) and cursor speed (p=0.20, LFP2 vs. MSP) in

monkey C. However, this difference declined over time (Figure 2), and the trends suggest

that the two performances will eventually converge.

To quantify the performance trends, we calculated Pearson’s correlation coefficient between

the performance measure and recording day (Table 3). Both monkeys improved their

success rate over time when using the LFP1 decoder. Success rate using the MSP decoder

was stable in monkey C but declined in monkey M. Time to target (Figure 2B) improved or

remained stable for both LFP and MSP decoders. The index of performance improved or

remained stable over time, except for MSP in monkey C (Figure 2C). The success rate and

index of performance for spikes were more variable than for LFPs. Path lengths remained

stable for monkey C, but lengthened slightly for monkey M (Figure 2D). Monkey M’s more

curved paths did not result in a lower success rate or time to target, however (Figure 2A and

2B, right), indicating a successful strategy of compensation was employed, i.e., increasing

the mean cursor speed (Figure 2E, right). Cursor speed increased for both LFP decoders,

while it remained stable for the MSP decoders (Figure 2E). Thus, the overall trends were

stable to improving performance for LFPs, and stable to declining performance for spikes.

To quantify further the effects of time on performance, we divided the brain control epochs

for each decoder into two groups, early (epochs from the first half of the study) and late

(epochs from the second half of the study). The monkeys’ overall success rate and time to

target measures both improved significantly from early to late epochs using the LFP1

decoder (t-test, Bonferroni-corrected for multiple comparisons, see Figure 3), while path

length remained constant for monkey C and increased slightly for monkey M. Spike control

results were mixed. For monkey C, all measured performance variables remained stable

(Figure 3B–D, left panels), but monkey M’s success rate and path lengths both worsened

significantly (Figure 3A, D, right panels). Thus, LFP control results generally improved or

remained stable, while spike control results remained stable in one monkey and declined

slightly in the other.

Offline decoding of hand movements with static decoders shows variable performance

The stable-to-improving performance we observed when the monkeys used either LFPs or

MSPs for online control could be attributable to stable input signals, adaptation by the

monkeys, or both. Therefore, we measured the stability of hand velocity decoding

performance offline, using a static decoder. This approach prevents the influence of closed-

loop effects on performance. We found significantly reduced accuracy in decoding for

almost all epochs after day 0 compared to the accuracy on day 0 (Figure 4). Across 9
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decoders, monkeys C and M had average R2 of 0.24 ± 0.01 (69% decrease from day 0) and

0.3 ± 0.01 (57% decrease) after day 0, respectively, for LFPs (mean ± SE, Figure 4 left

panels). Their performance after day 0 for MSPs was 0.39 ± 0.01 (40% decrease) and 0.6 ±

0.01 (20% decrease), respectively (Figure 4 right panels). The mean across decoders

changed little over time after day 0 (Figure 4 B, C). However, performance of individual

decoders was highly variable for both LFPs and MSPs (Figure 4A).

Stability of input signals

As a first approximation of signal stability, we calculated the mean value of each LFP

feature (log band power or LMP amplitude) or MSP unit firing rate over the length of each

brain control epoch, and normalized to the maximum value for each feature (or firing rate).

We performed this computation for features or units included in the LFP1 and MSP static

decoders. The LFP features exhibited a remarkable stability over the length of the study

(shown for monkey M in Figure 5A). A few aberrations in this pattern (e.g., vertical lines at

session 91) were due to a loose connector that was not discovered until the end of the

session. MSP firing rates were much more variable from day to day (Figure 5B), with the

exception of a few units visible near the top of the figure. Monkey C exhibited respectively

similar levels of stability for LFPs and MSPs.

Discussion

This study is the first to use a biomimetic, LFP-based BMI to achieve continuous, online

control of a computer cursor. Both LFP- and MSP-based BMIs provided high levels of

overall performance, although those using MSPs in general performed slightly better.

However, the performance trends suggest that LFP and MSP performance may ultimately

converge to similar values over time using a fixed decoder. Moreover, both LFPs and MSPs

showed extremely long-lasting, stable performance in closed-loop BMI control. Using static

decoders, the LFP-based BMIs performed stably for nearly a year, and the MSP-based BMIs

only slightly less so for nearly 200 days.

Biomimetic BMI using LFPs

Several studies have shown that the accuracy of movement decoded offline from

intracortical LFPs approaches that using spikes [14, 17–20, 32]. However, until now there

have been no published reports of biomimetic BMIs that used LFPs to control continuous

cursor movement. Two studies have demonstrated control of a binary state BMI using LFPs

[42, 43]. Other groups have used a biofeedback approach to control a BMI with subdural

(ECoG) or epidural signals [44–49]. Biofeedback approaches map brain signals to cursor

movement in a more abstract fashion, such as mapping movement of different hands to

different cursor directions. In contrast, biomimetic BMIs establish a more direct mapping

between the brain signals’ normal function and behavioural outputs. Therefore, biomimetic

BMIs likely impose a lower cognitive burden on the user. This hypothesis is supported by

the observation that the monkeys in this study, similar to those in a prior study using

biomimetic BMIs [26], switched among multiple BMI decoders each day with little

difficulty or transition time.
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Overall, the performance of the LFP- and MSP-based BMIs compare favourably with

reports in the literature, such as a spike-driven BMI using daily-retrained decoders in a

random pursuit task (78% success rate, 0.33 s/cm time to target, and path length of 3.7

averaged over two monkeys, [37]). This performance was also similar to that of two human

subjects using daily-retrained decoders ([39], 0.29 s/cm mean performance) and to that of

two monkeys using a static decoder in a center-out task ([26], mean 0.54 s/cm). The index of

performance reported here also compares favourably with previously reported values with

an EEG-based BMI ([47], 0.55 bits/s), a spike-based BMI in paralyzed humans (~0.43 bits/s,

Figure 2C from [10]), and a MSP-based BMI in monkeys (0.67 bits/s, [50]). We present

these comparisons for context, but note that there are substantial differences among the

studies that make such comparisons inexact, including decoder type, behavioural task and

prior training, electrode type and location, species, and presence of brain injury [10, 39].

Finally, our BMIs used, on average, 84 MSPs and 125 LFP features, compared to 15 [26],

44 [37], or 80 units [39] in prior studies.

Stability of performance and neural signals

We hypothesized that an LFP-based BMI would provide stable performance, without

decoder recalibration, over long time periods. We also hypothesized that MSP-based BMI

performance would be less stable over time. The evidence presented here shows that LFP-

based BMIs allowed stable-to-improving performance for about one year. While MSP

success rate (but not other measures) declined slowly in one monkey, it was stable in the

other monkey for about 6 months. One prior study showed stable performance for 5 days

using a biofeedback-type ECoG-based BMI [51]. Ganguly and Carmena [26] showed stable

BMI control using a static decoder for up to 19 days, including only carefully-selected

single-unit spikes that showed highly stable waveform characteristics. A preliminary report

also showed stable control for several weeks using an adapted decoder of MSPs which was

later held static [52]. Thus, our results show that LFPs and MSPs are capable of sustaining

stable performance far longer than previously demonstrated.

In monkey M, MSP success rate declined slightly over time. The reason for this decline is

not certain; however, it only occurred in one monkey and other performance metrics did not

decline significantly for this decoder. It is possible that the lower MSP success rate at the

end of the study was still acceptably high to this monkey. Alternatively, factors such as array

movement or degradation could have affected the success rate. LFP control performance did

not decline in this animal. LFPs are derived from a larger number of neurons than are MSPs,

and thus the effects on LFPs due to changes in a few neurons are likely negligible. Thus, it is

possible that electrode issues could affect MSPs more than LFPs.

In contrast to the low initial performance and steep learning curve seen in [26], our monkeys

had high initial performance using both LFP and MSP-based BMIs and either stable or

gradually improving performance over a few months (Figure 2A). This difference may be

related to the larger signal source population used here, which likely supplied richer

information about movement. Also, our monkeys’ arms were not restrained, while those in

[26] were required not to move. Either of these factors may have contributed to the different
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pattern seen here, which was also seen in prior spike BMI studies with greater numbers of

neurons [37].

The ensemble neural representation of arm movements is highly stable over 1–2 days [24].

The evidence for signal stability is less clear at the single neuron level, with some finding

variability [24, 25] and others finding great stability [22, 23] over 1–2 days. Our results

suggest that the picture is somewhat different over much longer timescales, and/or during

brain control instead of hand movement. Individual MSPs showed highly variable firing

rates over weeks to months, while LFPs were much more stable (Figure 5). In addition,

ensemble representation of arm movements (offline decoding performance, Figure 4) using

individual static decoders fluctuated substantially from day to day. When averaged over all

decoders, there was a significant performance decline after day 0, followed by relatively

stable performance. This “steady-state” offline decoding performance using either MSPs or

LFPs is comparable to results from prior offline studies using spikes ([24]; R2~0.42) and

ECoG with static decoders ([53]; R2~0.5). Online performance, however, remained stable or

improved, despite the fluctuating, degraded performance in offline decoding over time. This

implies that, during brain control, either the monkeys were able to learn a stable

representation of the BMI decoder or they were able to compensate for daily fluctuations.

The former would suggest that visual feedback during brain control plays a role in ensuring

stable neural representations of movement. Overall, these results suggest that a more

detailed analysis of signal stability over long timescales is warranted.

Implications for clinical neuroprostheses

Our results demonstrate that a BMI can be controlled online with high accuracy and stable–

to-improving performance over many months with a static, biomimetic decoder using either

LFPs or MSPs. The ability to use a static BMI decoder would eliminate the need to

recalibrate the decoder on a frequent basis. It could also enable BMI users to improve their

performance over time, as our monkeys did with the LFP1 decoder. It also appears likely

that inclusion of both spikes and LFPs would yield superior performance, compared to using

either source signal alone [14, 54]. Intracortical implants typically lose discriminable units

on half or more of their electrodes within a few years [10], but LFP signals can decode

movement even on electrodes in which spikes are absent [18], suggesting that they may

provide greater longevity. Thus, using LFPs may enable BMI devices with stable

performance and longer lifetimes.

The monkeys in this study were unrestrained during brain control, but their movements

differed greatly from the movements during hand control and were not consistent from

epoch to epoch. Obviously paralyzed patients can only attempt to move, but attempting to

move produces brain activity that is more similar to movement—more biomimetic—than to

imagined movement, or other strategies monkeys use when they perform brain control

without moving. As a control experiment, we did restrain both arms in a few sessions (data

not shown); initial performance was poorer and improved more slowly. BMI control can be

learned by paralyzed subjects [3, 39, 55–57], but typically required longer learning periods

than seen here or in [26] to achieve high performance.
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This study was not designed to optimize BMI control. We used relatively simple methods of

feature selection that likely could be improved. Further, the electrode arrays were placed at

depths optimized for spike recording (layer V of the cortex), whereas LFPs have been shown

to be more informative at shallower depths such as layer II/III [58]. Thus, it seems likely we

could improve LFP-based BMI performance simply by recording at shallower depths. It is

also possible that decoder adaptation could improve BMI performance [50, 59, 60]. For

example, Gilja et al. improved the throughput performance of their decoder from

approximately 0.67 bits/s to approximately 1.6 bits/s using an adaptive retraining algorithm

[50]. Our results suggest that brain control using MSPs and LFPs is similar enough that

methods shown to improve MSP decoding may also improve LFP decoding. However, the

gradual improvement displayed by our monkeys in online control reinforces the idea that the

natural ability of the motor cortex to adapt its own patterns of activity is likely the most

powerful adaptive mechanism that any BMI can exploit. Thus, any changes to the decoder

should be designed to avoid undermining learning [61].
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Figure 1.

Schematic of hand and brain control tasks. A, Random target pursuit task under hand

control. Monkeys moved the cursor (yellow circle) to a series of targets (red squares). B,

Monkeys performed brain control using either LFPs (left pathway) or MSPs (right pathway).

Only one signal type at a time was used to decode velocity (ẋ,ẏ) for brain control. LMP,

local motor potential (see Methods); R, Pearson’s correlation coefficient. C, Example cursor

trajectories under brain control.
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Figure 2.

Brain control performance trends. A, Success rate. Each circle is the ratio of successful trials

to all trials for 1 epoch. The grey dashed lines and shaded areas show the mean and standard

deviation of chance performance. B–E, Kinematic performance measures. Time to target,

cursor speed, and path length were calculated for each trial; each circle represents the

median across trials for 1 epoch. Solid lines through the LFP1 and MSP points are least-

squares linear-fit lines.
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Figure 3.

Brain control performance in early (left bars) vs. late (right bars) epochs. Starred differences

were significant at the p<0.0125 level (t-test, Bonferroni correction for multiple

comparisons). Error bars represent standard deviation.
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Figure 4.

Offline hand velocity decoding performance over time using static decoders. A) Decoding

performance for a single LFP decoder (left panel) and a single MSP decoder (right panel)

from monkey C. Note the day-to-day variability in performance after the first few days. B,

C) When averaged across decoders, mean decoding performance declined significantly after

day 0 in both (B) monkey C and in (C) monkey M using LFPs and MSPs. Error bars denote

standard deviation. For monkey M’s MSP-based decoding (C, right), the change in

performance did not become significant until after day 64. In B and C, black error bars

indicate significant differences from day 0 (1-way ANOVA for each panel, all main effects

were significant (p<0.001), Tukey HSD post-hoc test, significance below p=0.05.
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Figure 5.

Stability of LFP feature power and MSP firing rates for monkey M. A) Mean values in each

epoch of the LFP features included in the fixed LFP1 decoder. B) Mean firing rates in each

epoch of the units included in the fixed MSP decoder. We normalized feature values and

firing rates to the maximum value for each feature or unit over all epochs, and sorted

according to the values in the first epoch.
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