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Abstract

& Previous work in our laboratory has demonstrated that a
simple linear model can be used to translate cortical neuronal
activity into real-time motor control commands that allow a
robot arm to mimic the intended hand movements of trained
primates. Here, we describe the results of a comprehensive
analysis of the contribution of single cortical neurons to this
linear model. Key to the operation of this model was the
observation that a large percentage of cortical neurons located
in both frontal and parietal cortical areas are tuned for hand
position. In most neurons, hand position tuning was time-
dependent, varying continuously during a 1-sec period before
hand movement onset. The relevance of this physiological
finding was demonstrated by showing that maximum contri-
bution of individual neurons to the linear model was only
achieved when optimal parameters for the impulse response

functions describing time-varying neuronal position tuning
were selected. Optimal parameters included impulse response
functions with 1.0- to 1.4-sec time length and 50- to 100-msec
bins. Although reliable generalization and long-term predic-
tions (60–90 min) could be achieved after 10-min training
sessions, we noticed that the model performance degraded
over long periods. Part of this degradation was accounted by
the observation that neuronal position tuning varied signifi-
cantly throughout the duration (60–90 min) of a recording
session. Altogether, these results indicate that the experimen-
tal paradigm described here may be useful not only to
investigate aspects of neural population coding, but it may
also provide a test bed for the development of clinically useful
cortical prosthetic devices aimed at restoring motor functions
in severely paralyzed patients. &

INTRODUCTION

In the past, several studies have provided data that
support the hypothesis that cortical activity could one
day provide the necessary input signals required for
controlling a neuroprosthetic device (Schmidt, 1980;
Fetz & Cheney, 1978; Fetz & Baker, 1973; Fetz &
Finocchio, 1972, 1975; Fetz & Finnocchio, 1971). This hy-
pothesis assumes that voluntary cortical activity, related
to intended arm movements, could be sampled from
healthy parts of the motor cortex and, through the
employment of real-time models, be translated into
intended movements either by directly controlling arti-
ficial devices, such as a robot arm (Chapin, Moxon,
Markowitz, & Nicolelis, 1999), or by inducing coordinat-
ed muscle contraction in the patient’s paralyzed limbs
(Kilgore, Peckham, & Keith, 2001, chap. 2). Studies in
rodents (Chapin et al., 1999) and primates (Serruya,
Hatsopoulos, Paninski, Fellows, & Donoghue, 2002;
Taylor, Tillery, & Schwartz, 2002; Wessberg, et al., 2000)
have demonstrated that there is merit in this propo-
sition and that further experimental work should be
able to clarify whether such an approach may become

clinically relevant in the near future. Perhaps more
conclusively, some of these recent animal studies have
indicated that, at the very least, the ability to implement
operational real-time brain–machine interfaces (BMIs),
which define the core of the envisioned neuropros-
thetics, has created a very powerful new experimental
paradigm in systems neuroscience (Nicolelis & Ribeiro,
2002; Nicolelis, 2003). Because in this type of study the
experimenter can control both the real-time models
used to analyze patterns of neuronal activity and the
type of ‘‘artificial’’ sensory feedback returned to sub-
jects, such BMIs offer a unique opportunity to investi-
gate causal dependencies between neuronal activity and
animal motor behavior (Nicolelis & Ribeiro, 2002).

The development of techniques for chronic, multisite
recordings of ensembles of single cortical (and/or sub-
cortical) neurons using multielectrode arrays has be-
come a critical component of attempts to test the
experimental and clinical potential of BMIs. For exam-
ple, using microwire arrays chronically implanted in the
motor cortex and thalamus, Chapin et al. (1999)
achieved one-dimensional cortical control of a robot
arm in rats. In another study, we have demonstrated
how a similar technique can be used to replicate, in a
robot arm, more complex 1-D–3-D hand movementsDuke University
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generated by trained New World monkeys (Wessberg
et al., 2000). In this study, we implanted multiple
chronic microelectrode arrays in motor, premotor, and
parietal cortical areas in monkeys involved in the gen-
eration of the commands for reaching arm movements
(Batista, Buneo, Snyder, & Andersen, 1999; Georgopou-
los, Kalaska, Caminiti, & Massey, 1982; Weinrich & Wise,
1982; Fetz & Cheney, 1978; Mountcastle, Lynch, Geor-
gopoulos, Sakata, & Acuna, 1975; Evarts, 1966). Single-
unit activity from ensembles of cortical neurons was
recorded as the monkeys performed 1-D–3-D arm move-
ments. By using either linear or nonlinear mathematical
techniques, we were able to transform the recorded
ensemble activity in real time to a control signal that in
turn was used to generate movements in a robot arm.
We demonstrated that the produced robot arm move-
ments closely mimicked the arm movements made by
the monkeys. Thus, in essence these experiments dem-
onstrated the feasibility of the idea that chronically
implanted microwire arrays and real-time mathematical
transformation of neural ensemble activity may one day
allow severely disabled human patients to control the
movements of a prosthetic limb or other devices. Since
then, other reports have reproduced our findings and
demonstrate the feasibility of closed-loop control of a
neuroprosthetic device in macaque monkeys (Serruya
et al., 2002; Taylor et al., 2002).

In our previous study we explored a large variety of
linear and nonlinear techniques. We observed, however,
that nonlinear methods based on artificial neural net-
works (ANNs) did not significantly outperform a simpler
method based on multiple linear regression. This finding
motivated us to analyze the linear regression method for
real-time transformation of cortical signals in greater
detail. Because there are several parameters that have
to be chosen by the experimenter in this particular
application, several questions remained open regarding
the selection of optimal values of parameters for this
linear model. For example, the temporal resolution and
length of the data window used for estimating position

at each point in time has to be chosen, as well as the
amount of data required to fit the model. In the present
study, we analyzed the optimal choice for such parame-
ters. We also evaluated the performance of the linear
model for predicting armposition at a future point in time
with time shifts in the order of hundreds of milliseconds.

In contrast to an ANN model, where the ‘‘black-box’’
nature of the algorithms make it difficult to directly
analyze the exact contributions of the individual neu-
rons, the linear model allowed a detailed analysis of how
different neurons contributed to the derived control
signals. Some of these findings have been presented
previously in abstract format (Nicolelis, Wessberg, Kralik,
& Beck, 2001; Wessberg, Crist, & Nicolelis, 2001).

RESULTS

Two monkeys were trained to make left–right move-
ments of a joystick. Ten recording sessions were ana-
lyzed in each of the two animals. The duration of the
sessions were 45–120 min, and 34–107 neurons were
recorded per session. Figure 1 shows examples of the
recorded data for the two animals while they made
movements of a joystick along a left–right path. Figure 1A
shows raster plots of the discharges of 98 neurons
recorded along with movements in Monkey 1. Figure 1B
shows 41 neurons recorded in Monkey 2. In both
monkeys the movements were irregular, with varying
movement sizes and speeds, varying starting points for
the movements, and varying delays of position holding
between the movements. The movements of Monkey 2
tended to occur at slightly lower rates, but were other-
wise similar to those of Monkey 1. The large variability of
the animals’ movementsmakes it possible to test whether
algorithms for predicting position from simultaneous-
ly recorded neuronal signals can generalize beyond a
limited set of trajectories. Hence, in the present study
we considered the large variability of the movements
greatly advantageous compared to a set of stereotypical
movements recurring at fixed intervals.

Figure 1. Examples of

simultaneously recorded

left–right hand position and
neuronal data in two owl

monkeys. (A) 94 cells recorded

in Monkey 1, (B) 41 cells

recorded in Monkey 2.
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Coding of Arm Position by Cortical Cells

In no case did inspection by eye of raster plots such as
those shown in Figure 1 reveal prominent signs of
modulation of cell activity in relation to the movements.
As a first step in analyzing the extent cortical cells coded
for the position of the hand along the left–right move-
ment path we calculated simple linear regression be-
tween the activity of single units, counting the number
of discharges in 100-msec bins, and hand position. Linear
correlation between unit activity and hand position was
significant in 39.8% of the recorded neurons in our two
monkeys ( p < .01, mean, range for individual sessions
26.8–54.3%). Both positive and negative correlations
were found, and significantly correlated units were found
in all cortical areas. This shows that some cortical neu-
rons modulate their firing rate according to hand posi-
tion. However, this simple analysis can only reveal
correlation that is near synchronous with the current arm
position. In addition, cortical activity up to some limit
backward in time should be taken into account; for
example, preparatory cortical activity can precede move-
ment by hundreds of milliseconds (Wise, Boussaoud,
Johnson, & Caminiti, 1997; Alexander & Crutcher, 1990;
Kurata & Wise, 1988). This can be achieved using a linear
regressionmodel where an impulse response function, or
in other words, a set of weights, is calculated for each
cortical unit. The activity of each unit is then convolved
with its impulse response, and the resulting data vectors
summed, to provide predictions of arm position. Hence,
the weights in the impulse response functions are meas-
ures of the time-varying correlation between unit activity
and arm position.

Figure 2 shows 10-bin impulse response functions
for 10 cortical units. The linear model was derived using
10 min of data at a temporal resolution of 100 msec (i.e.,
10 Hz). At this resolution, 10 bins of data correspond to
1 sec of time. A few units (overall 8.5%) showed a

relatively simple relationship with position, with an initial
positive or negative weight with successively decreasing
amplitude. This roughly corresponds to a positive or
negative correlation as revealed by the correlation anal-
ysis, above. The majority of cortical units in both animals
and all sessions showed more complex impulse re-
sponse functions. Units typically showed a time-varying
correlation with position within the impulse response,
with many units only having significant weights for
part of the 10-point function, or a reversal between po-
sitive and negative weights. In 10 experimental sessions
in each animal, 56% of the cells ( p < .05, mean, range
39.0–72.0%) had at least one statistically significant
weight in the impulse response function. Cells with pre-
dominantly positive weights (mean 22%, range 12.6–
33.3%) were as common as cells with predominantly
negative weights (mean 22%, range 14.1–30.8%). 12% of
the cells (mean, range 2.1–27.0%) showed a reversal
between positive and negative weights with at least one
significant weight in each direction in its impulse re-
sponse. The patterns of impulse responses hence showed
a marked heterogeneity within the ensembles of cortical
cells. This was true for all cortical areas recorded in two
monkeys. There was no tendency for units from one
particular cortical area to show one pattern of impulse
response functions, although the sample for each corti-
cal area in the present study is too small to draw any
such comparative conclusions.

It is not trivial to interpret the wide range of patterns
of the impulse response functions. One possibility is
that the variable chosen to fit the linear models, for ex-
ample, position, does not correlate particularly well with
a cell’s firing, but that a cell is rather correlated with, for
example, hand velocity or acceleration. It is possible to
fit linear models using either velocity (first derivative of
position) or acceleration (the second derivative) and
applying exactly the same algorithm as for position.
Impulse responses obtained for a set of cells when fitting

Figure 2. Impulse response

functions in fitted linear
models, (A) Monkey 1, (B)

Monkey 2. Error bars show

95% confidence limits for the

weights obtained by bootstrap
estimation. A significant

impulse response at lag 0

corresponds to a significant
instantaneous correlation

between position and neuronal

activity. Units 1, 2, and 6 show

positive correlation at lag 0,
whereas Units 3, 7, and 8 show

negative correlation. All units

show significant correlation at

other time lags as well, with
complex time-dependent

variations in the magnitude of

the impulse response.
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position, velocity, or acceleration are shown in Figure 3.
In some cases, a cell with a complex impulse response
for position (e.g., Unit 3 in Figure 3) could show strong
velocity dependence at lower numbered weights in the
impulse response. However, the reverse was also true,
for example, Unit 1, which has a strong position corre-
lation at lower numbered weights, but with a complex
time-dependent impulse response function for velocity.
Importantly, in no cases we observed that a complex
impulse response in the time domain was ‘‘explained’’
by a cell having a simpler correlation with velocity or
acceleration. Instead, this analysis revealed that virtually
all significantly modulated cells were correlated with
each of these three kinematic variables in a complex,
time-dependent fashion.

Because a multiple regression algorithm was used to
derive the impulse responses, it may be argued that the
individual weights are not independent, but were affect-
ed by all the variables included in the model, that is, all
recorded cells. To test whether including a variable
number of cells affected the shapes of the impulse
response, models were fitted for the same data sets
using, first, all available cells, then, only 10 cells that
were strongly modulated by hand position, and finally
only a single cell, one at a time. As it has previously been
described, fitting models with subsets of all cells always
result in less accurate overall fit, as well as less accurate
predictions when using the models to predict position
with new data (Wessberg et al., 2000). In contrast, the
shapes of impulse responses for individual cells were

only minimally affected. Figure 4 shows the results for
three examples of cells from Monkey 1. In general, the
magnitude of the weights tended to vary inversely with
the number of cells included in the model. (Increased
absolute weights can be expected when fewer variables
are available to explain a fixed amount of variance in the
dependent variable). However, the direction of the
weights as well as the general shape of the impulse
responses remained constant, also for units with com-
plex impulse responses. Hence, these impulse responses
probably reflect the underlying physiological relation-
ship between the cell’s pattern of activity and the chosen
movement parameter.

Evaluation of the Linear Regression Model

As previously reported, our linear models consistently
predict arm position for new data recorded in the same
experimental session. Figure 6A shows the performance
of linear models derived during 10 sessions in each
monkey as a function of the number of recorded units.
The R2 scores are the squared linear correlation between
predicted and actual linear arm position for 10-min
segments of data that were not used to fit the models.
Hence, these R2 scores measure the average perfor-
mance of the models for predicting position when using
new data. It is important to note that there are no
discrete movement trials in the records, but that the
position of the arm is being predicted continuously.
There was considerable day-to-day variation between

Figure 3. Impulse responses for models fitted to corresponding records of hand position (top), velocity (middle), and acceleration (bottom). Each
column shows impulse responses of single cells for models fitted to each of the three kinematic parameters.
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sessions, but there is also a significant linear correlation
between recorded number of units and overall perfor-
mance of the model (r = .65; p < .05).

Varying the Parameters of the Linear Model

Figure 5B and C shows the effect of varying length of the
impulse response functions, or equivalently the width of
the ‘‘data window’’ used for predicting each point in the
position record (i.e., varying n in the linear equation; see
Methods). A temporal resolution (bin width) of 100 msec
was used, and 10-min data segments were used to fit and
evaluate the models. Figure 5B shows three sample
sessions in each animal, and Figure 5C shows averages
for 10 sessions in each animal. To enable averaging in
Figure 5c, data for each session have been normalized so
that the R2 score for a 10-bin window for each session
equals 100%. Note that using a window of single data bin
yields models that provide predictions with R2 scores of
on the average only 40% compared to a 10-bin window.
With a single bin, only activity that is almost synchro-
nous with current arm position is used in the model,
analogous to basing a model on the simple linear
correlation between cell activity and position. The per-
formance of the model peaked at 10- to 14-bin data
windows, corresponding to data windows of 1.0 to
1.4 sec for 100-msec bin width. For the further analyses,
a 1.0-sec window was used if nothing else is noted.

Next, we analyzed the effect of varying the length of
the segment of recorded data used to derive the linear
models. Figure 5D and E shows predictions when the
length of the data segment was varied from 1 to 20 min.
Figure 5D shows three sample sessions in each animal,

and Figure 5E shows averages for 10 sessions in both
animals. In general, when very short data segments of
1 to 2 min were used the predictions obtained for new
data were unreliable, and low R2 scores were obtained.
Increasing quality of the predictions was obtained by
increasing the data segment from 2 to 10 min. There was
little improvement in the predictions from models when
data segments longer than 8–10 min were used, and
10-min segments were normally used in all analyses in
the present study.

Varying the Temporal Resolution

The 10-Hz resolution achieved with 100-msec bin widths
may be considered very low for accurately representing
the movements of a limb in general. Power spectra of
the position records showed that the variance of the
position records above 4 Hz was negligible. Hence,
10-Hz was sufficient to represent most of the variance
of the movements in the present study. Nevertheless, it
is important to evaluate the linear model for higher
temporal resolution. The cost of increasing temporal
resolution is a much higher computing load, with the
particular limiting factor usually being the amount of
computer primary memory available for storing the large
matrices used when fitting the linear regression models.
Overall, differences between predictions obtained
with 50- and 100-msec bin widths were negligible and
nonsignificant. The mean difference between 50- and
100-msec resolution in terms of R2 scores was �.0008
(range �.012 to .032). Analysis of the errors in the
predicted position trajectories showed no differences.
In addition, we compared using 25-, 50-, and 100-msec

Figure 4. Analysis of the

dependence of impulse

response functions on other

cells included in the model.
Impulse responses are depicted

for the same three units for: (A)

linear models fitted using all

available cells in a session; (B)
models using only a set of only

10 cells with strong correlation

with position; and (C) models
using only each illustrated cell,

one at a time. The overall

shapes of the impulse

responses remained stable
independent of whether other

cells were included.
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bin widths (i.e., 40, 20, and 10 Hz, respectively). To fit a
40-Hz model using the available computing power, a
model data window of only 0.6 sec was used instead of
the standard 1.0-sec window, and in addition only 5 min
of data was used to fit the model rather than the usual
10. Hence, the models yielded only modest predictions
in the range of R2 = .3. In any case, performance of the
10-, 20-, and 40-Hz models was nearly identical, with the
largest observed difference in terms or R2 between 40
and 10 Hz being �.014. This is not surprising given that
movements were accurately represented already using
10-Hz signals in the present study, but it provides an
indication that given sufficient computing power, a
linear regression model should be able to handle move-
ments with other characteristics, with significant vari-
ance up to 15–20 Hz.

Predicting Position into Future Time

It is possible to modify the linear model so that the
recorded neural activity can predict position ‘‘into the
future,’’ that is, for a position that will occur with a small
fixed time shift forward from the last recorded neuronal
discharges. Such a modification of the linear model may
be important for an application where the derived
position predictions are used to control a robot arm
or other device, and where continuous sensory feedback

about the motion of the robot will permit an animal or
patient to learn to functionally control the device. The
presence of a time delay in the robot system would
make learning to control the device significantly more
difficult, and the prediction algorithms should ideally
compensate for any such fixed time delays. Figure 6A
and B shows sample records from both animals of
predictions made with a constant time shift of 100 msec
for predicting position into future time. Figure 6C shows
the average performance of the linear model for 10 ses-
sions in both monkeys when the time shift was varied.
The R2 scores have been normalized so that R2 for
synchronous predictions (i.e., no time shift; the stan-
dard linear model) equals unity. Predictions with a time
shift of 100 msec had an accuracy of 92% compared to
synchronous predictions (range 85–97%). At 200 msec,
84% accuracy was achieved (range 70–93%). This shows
that obtaining technically useful predictions into future
time are feasible using the linear model, at least for shifts
up to 100 msec or less.

Adaptive versus Fixed Linear Models

We have demonstrated that it is possible to obtain
accurate predictions of arm position all through record-
ing sessions lasting 90 min or more. In a previous study,
an adaptive algorithm was used, and predictions for all

Figure 5. R2 for predictions as a function of varying the parameters of the linear model. (A) Varying number of recorded cells in 10 consecutive
sessions in both animals. (B) Varying the number of bins used in the model: absolute R2 scores for three sample sessions in each animal.

(C) Average normalized R2 scores for 10 sessions in each animal. 100% corresponds to the score for 10-bin models. Ten minutes of data were used

to fit the linear models. (D) Varying the length of the data segment used to fit the model: absolute R2 for three sample sessions. (E) Average

normalized R2 scores for 10 sessions in each animal. 100% corresponds to the score for using 10 min of recorded data to fit the model. Ten 100-msec
bins of data were used in the models.
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points in time during the sessions were based on models
that had been fitted to recently recorded 10-min seg-
ments of data (Wessberg et al., 2000). The alternative is
to use a nonadaptive model, where the impulse re-
sponse function weights are fixed. Figure 7A shows the
performance of such a nonadapting algorithm for two
sample sessions. A model was fitted at the beginning of
the sessions, and the performance of the model for
predicting arm position was evaluated over time. There
was a steady degradation in the quality of the predic-
tions over the experimental session. To the right in the
panel of Figure 7A there is also data for a second model,
fitted during the 30- to 40-min segment. These newly
fitted models initially yielded predictions at the same
level as the first models, but again predictions degraded
progressively over time. Figure 7B shows the average
results for 10 consecutive sessions in both animals. To
enable averaging and comparisons, all R2 scores have
been normalized so that the score for predictions during
the first 10–min segment after the model was fitted
equals 100%. The graphs show that models fitted at all
points in the sessions will degrade slowly over time. On
the average, a model fitted at the beginning of a session
could be expected to stay within 90% of the initial score
for 50 min or more, and to drop to 50% of the initial
performance within 70–80 min. Figure 7B also reveals a
tendency for models fitted later in the session to dete-
riorate slightly faster than models fitted more early in
the session.

One possibility is that the demonstrated degradation
of the predictions reflects changes in the animals’ be-
havior over the duration of a session. However, inspec-
tion of the records of animals’ movements and the

corresponding predictions of arm position revealed no
overt differences. An example is shown in Figure 7C and
D (5 min into the session in C; 95 min in D). This was
further analyzed by comparing power spectra of the arm
position records for longer segments of data. Figure 7E
shows the power spectra for position for the 0–10 and
90–100 min data segments in the same session and in
Figure 7C and D. The very close similarity of the spectra
shows that the extent, speed, and frequency of the
animals’ movements were nearly constant from the
beginning to close to the end of the session.

If behavior is constant, an alternative explanation for
slow deterioration in the fitted models’ capacity to
provide predictions of arm position would be that the
relationship between the activity of the recorded units
and arm position is variable. In other words, the coding
of arm position of single units should show slow
changes over time. Figure 8 shows examples of impulse
response functions for four cortical units at four differ-
ent points during one experimental session. As shown
in the examples, changes were observed in the magni-
tude in one or more weights (Unit 19), or in the overall
shapes of the impulse responses (Units 25, 55). Finally,
in a few units, we observed reversals from positive to
negative correlation in some weights (Unit 76). As in
the examples in Figure 8, changes were not limited to
single weights but affected several contiguous weights,
or the whole impulse response. Moreover, the ob-
served changes did not appear to be random fluctua-
tion from one 10-min segment to the next but they
seem to be gradual over time. Hence, even though the
animals’ motor behavior was constant, many units
steadily and slowly changed their coding of arm posi-

Figure 6. Predictions obtained with a fixed time offset into future time. (A) and (B) show examples of observed and predicted position in Monkey
1 and 2, respectively, using a time shift of 100 msec. (C) A comparison of average normalized R2 scores for 10 consecutive sessions in each animal

for models with increasing the constant offset for the predictions. For each session, 100% corresponds to the R2 score when using a model

with zero time offset.
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tion over the extent of the recording session. This
would provide an explanation for the observed degra-
dation of the predictions provided by the linear models.
We noted that the gradual changes were not a charac-
teristic of the impulse response function analysis, but
were also observed in simpler measures of the relation-
ship between units’ activity and arm position such as
simple linear correlation between cell activity and arm
position.

Slow changes in the impulse response functions were
observed in cells in all recorded cortical areas. Using
bootstrap statistical methods, we analyzed the propor-
tion of units showing significant weight variations in
10 sessions in both animals. We found that 51–92%
(mean, 78%) of the cortical units showed a significant
change over the experimental session in at least one
weight at the p < .01 significance level. The slightly
lower percentages were observed in the shortest ses-
sions that lasted only 45–60 min. Hence, we tentatively
suggest that such changes were commonplace given a
long enough observation time. In summary, these re-
sults show that the contribution of single units to the
coding of arm position, obtainable at the ensemble level,
changes slowly over time with a timescale in the order of
tens of minutes.

DISCUSSION

The Linear Model for Neuroprosthetic Control

In this and a previous study, we have shown how
accurate predictions of hand position in space can be
obtained in real time using a simple linear model based
on multiple linear regression of the spike trains re-
corded from ensembles of cortical neurons (Wessberg
et al., 2000). We previously demonstrated how the
predictions could be used as a control signal to con-
trol the movements of a robotic arm, thus demon-
strating the feasibility of constructing neuroprosthetic
interfaces using this mathematical algorithm. We have
here explored the optimal parameters for such an
algorithm when used for predicting relatively simple
arm movements in monkeys: Our results suggest that
around 1 sec of neuronal data should be used to
construct each real-time estimate of position, and
around 10 min of data may be needed to estimate the
model parameters. The importance of this finding is that
the algorithm is efficient enough to be implemented in
current PC computer-type technology, also for concur-
rent recordings of several hundreds of cortical cells.
Hence, the algorithm should provide a useful starting
point for portable or even implantable devices.

Figure 7. Evaluation of predictions from linear models as a function of session time. (A) Absolute R2 scores for predictions in two experimental
sessions. Models were fitted with data from 0 to 10 min into the session (left set of lines) and 30–40 min (right set of lines). (B) Normalized

average R2 scores for 20 sessions in two animals. 100% corresponds to predictions obtained for the first 10 min after the models were fitted. Models

were fitted using different data segments as indicated. (C) and (D) Samples of actual movements and predictions at 5 and 95 min into an

experimental session. (E) Corresponding power spectra for position data from 0–10 min (black line) and 90–100 min (blue line).
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We have further shown that 20-Hz resolution (50-msec
bins) can be achieved directly using an unmodified
algorithm, and that 40-Hz resolutions should be possible
to implement in faster microprocessors. This should be
sufficient for controlling a neuroprosthetic device to
assist or replicate most natural arm movements. We have
also demonstrated that the linear model can, with only
small modification, be used to predict position ahead
of the present position of the limb. Reasonable quality
of the predictions can be achieved up to 100–200 msec
into ‘‘future time.’’ Such predictions may be important
to compensate for any fixed time delays in an applica-
tion where a robot arm or other device is used under
ongoing visual or other sensory feedback by the experi-
mental animal or patient. This may be a necessary to
enable an animal or patient to learn to use an advanced
neuroprosthetic device.

Alternative Approaches

Several alternative algorithms for converting neuronal
activity into a control signal for neuroprosthetic appli-
cations have been proposed (Schwartz, Taylor, & Helm
Tillery, 2001). Some of these rely on identifying given
physiological characteristics of the recorded cells, such
as cells broadly tuned to direction of movement in space
(Salinas & Abbott, 1994; Schwartz, 1994; Georgopoulos,
Kettner, & Schwartz, 1988), and cells coding speed of
movement (Moran & Schwartz, 1999). In all these
approaches, it is necessary that the identified properties

of the neurons generalize from the set of trials used to
identify the firing properties to the actual repertoire of
movements used during robotic control. The linear
algorithm outlined in the present study relies on the
use of continuous records of movement and neuronal
data rather than discrete set of movement trials with
prespecified characteristics such as movements to a
prescribed set of targets, or movements made at a set
of prescribed speeds. Thus, the animal’s natural move-
ments produced during meaningful motor tasks can be
used both for estimation of the model parameters and
evaluation of the performance of the model. The tech-
nique also uses a totally random and unselected sample
of cells. This means that all the available information in
the recorded sample (so far as it can be extracted using a
linear algorithm) is used, rather than relying on a subset
of cells with identified physiological properties.

Other suggested alternatives to the linear model rely
on different types of nonlinear techniques, including
maximum likelihood methods based on probability the-
ory (Brown, Frank, Tang, Quirk, & Wilson, 1998), pat-
tern recognition (Isaacs, Weber, & Schwartz, 2000), or
different ANN techniques. In the previous study, we
examined a large number of feed-forward ANN architec-
tures and discovered that, at least for simple arm move-
ments, the best ANNs would on the average only
perform marginally better than the linear regression
model. It is also important to note that the linear
regression method is efficient enough to be used adap-
tively: Model parameters can be estimated during an

Figure 8. Impulse response

functions, as in Figure 3, for

four units. Linear models were

fitted at 0–10, 30–40, 60–70,
and 90–100 min into an

experimental session, as

indicated. There are significant

variations in response
function weights across

the session.
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ongoing experimental session, and the parameters can
be adaptively modified during the session if necessary to
maintain the quality of the predictions. When ANN
techniques were used in real-time during ongoing ex-
perimental sessions, the minor advantages in quality of
predictions were usually offset by the stringent time
requirements of an algorithm where model parameters
are to be estimated and adapted during an ongoing
experimental session.

In summary, we have shown that the suggested linear
method can provide estimates at high resolution (40 Hz
using personal computers), can be extended to multiple-
dimensional control (Wessberg et al., 2000), and is
currently only marginally inferior to nonlinear algo-
rithms based on neural networks. It can simply be
modified to predict ‘‘into the future’’ for further devel-
opments involving visual or tactile feedback (Nicolelis,
2003). Furthermore, the algorithm has been proven to
work in actual implementations of on-line robotic con-
trol. A similar linear method was used in a study where
monkeys controlled a computer screen cursor in real
time using cortical signals (Serruya et al., 2002).

Coding of Movement-Related Parameters
in Cortical Cells

The fact that it is possible to derive real-time estimates of
arm position from a random sample of cortical cells in
motor, premotor, and parietal cortex shows that motor
control signals for arm movements in space are likely
widely distributed and appear nearly simultaneously in
multiple sensory–motor cortical areas (Georgopoulos
et al., 1982; Weinrich & Wise, 1982). The linear regres-
sion algorithm used in the present study has the advan-
tage over most nonlinear techniques that the details of
the contribution of individual cells can be directly
assessed. Two associated findings in the present study
have bearing on the issue of coding of movement
parameters by cortical cells: First, derived predictions
of position improve by, on the average, a factor of 2.5
when 1 sec of activity is used compared to when only
near-synchronous cortical activity is considered. Second,
the impulse response functions for all neurons were not
interpretable in terms of a simple tuning function
(corresponding to negative or positive correlation for a
one-dimensional movement). While a few cells exhibited
positive or negative correlation with arm position using
the simplified histogram analysis, the optimal correla-
tion between the activity of single randomly sampled
cortical cells and arm position in space was shown to
have a complex time course for most cells. The first
finding highlights the importance of the latter: The
complex impulse responses are important because the
improvement in predictions is achieved when they are
taken into account in the model. Because the shapes of
impulse responses remained constant when subsamples
of cortical neurons were used to fit the models, the

complex impulse responses did not seem to reflect any
artifact of the multiple linear regression technique, but
instead they may depict true correlations between neu-
ronal activity and arm position. Cells with significant
impulse response weights at time lags up to 1 sec were
commonplace in all recorded cortical areas. Impulse
responses were equally complex when velocity or accel-
eration was used instead of position.

One implication of these results is that analyses of
neuronal activity at near-zero time lags only provide a
very limited view on the actual relationships between
cortical activity and a parameter of movement. Although
movements in the present study were limited to a single
dimension, it can be argued that the present findings
have implications for the interpretation of previous
work where cell firing within a limited time window
has been examined, or when time-varying activity has
been examined at coarser timescales than 100-msec bins.

It may be argued that the complex impulse response
functions may in part be due to the complex movement
patterns, and that analyses were not limited to sets of
trials with more well-defined or restricted arm move-
ments. On the other hand, the present findings could be
taken to indicate that the true correlation between
cortical activity and a movement parameter such as
arm position is more complex for more unrestricted
movements than hitherto commonly believed. Further-
more, the present results show what can be expected
when a totally random sample of cells is examined,
without preselecting cells with particular, identified
response properties in relation to the movements.

Previously, we have shown that different parameters
of movement could be estimated using the same neural
population. It was found that predictions of hand posi-
tion in space were slightly better than predictions of
hand velocity or acceleration. Intrinsic parameters such
as muscle activity or joint angles instead of the position
of the hand in space were not made in this study.
However, it is likely that joint rotations correlate strong-
ly with hand position in the present task: The left–right
hand movements were largely achieved by horizontal
shoulder rotation, coupled with small extension–flexion
movements of the elbow. In addition, preliminary evi-
dence collected in our laboratory suggests that the same
linear model could be successfully used to predict EMG
activity (Santucci, Kralik, & Nicolelis, 2002).

The literature contains arguments as to what param-
eters are represented in motor cortical cells (direction,
speed, position), although it has been argued that no
single parameter is likely to be represented in a ran-
domly selected population of cells (Todorov, 2000), or
conversely, that information about several concurrent
movement parameters are superimposed. It has been
pointed out that cortical neurons involved in processing
motor commands are modulated by many different
aspects of movement and are likely modulated by non-
motor factors as well (Johnson, Mason, & Ebner, 2001).
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Hence, recorded neuronal activity likely reflects the
working of multiple sensory and motor neuronal net-
works that are continuously and concurrently active
during the planning and execution of arm movements.
The identification and analysis of such subnetworks
of cortical cells during natural motor behaviors is an
important challenge for future studies in which the
activity of increasing numbers of cortical cells will be
chronically recorded in awake behaving animals. The
technique of fitting a movement parameter using the
multiple linear regression technique and examination of
the time course of impulse responses may be an impor-
tant tool in the investigation of subnetworks among the
recorded cells. For example, it may be possible to dis-
tinguish between cells that are more prominently corre-
lated to a parameter of movement at shorter or longer
time lags, tentatively reflecting the cells’ involvement at
earlier or later stages in the processing of a motor
command.

Variation of Movement Coding over Time

We showed that the predictions we obtained from linear
models with fixed weights slowly degraded over time.
One possible reason would be that the behavior of the
animals was changing as they were learning the task or
adapting to the experimental situation, and that the
model was unable to correctly predict movements out-
side a limited movement repertoire. However, we could
not observe any changes in the details of the animals’
movements during the sessions. The alternative inter-
pretation is that there were gradual changes in the
coding of arm position in a proportion of the recorded
cortical neurons. This was confirmed when we examined
the impulse response functions for single cortical neu-
rons as a function of experimental session time. Such
changes appeared to be slow and gradual, occurring
successively over tens of minutes, and apparently wide-
spread within the neuronal population, affecting most of
the units provided the observation time was sufficient.

It is well established that the functional properties of
motor cortical neurons in animals and man can change
rapidly, for example, in response to peripheral nerve
injury or central lesions, or repetitive stimulation (Sanes
& Donoghue, 2000). Functional plasticity of motor
cortex has been observed in monkeys during visuomo-
tor learning or adaptation (Wise, Moody, Blomstrom, &
Mitz, 1998; Mitz, Godschalk, & Wise, 1991) or during
acquisition of new motor actions (Laubach, Wessberg,
& Nicolelis, 2000; Nudo, Milliken, Jenkins, & Merzenich,
1996). Furthermore, it has been shown that single
motor cortical cells’ coding of movement direction
can change within the experimental session when a
monkey is trained to adapt to an external load applied
during arm movements (Li, Padoa-Schioppa, & Bizzi,
2001; Gandolfo, Li, Benda, Padoa Schioppa, & Bizzi,
2000), or over days when monkeys are trained to

control a visual target with the activity of cortical
neurons fed through a fitted model (Taylor et al.,
2002). Moreover, preliminary results indicate that clos-
ing the loop with visual feedback stabilizes the long-
term performance of the linear algorithm (Nicolelis,
unpublished observations).

It is hard to relate the findings in the present study
with these previous observations of motor cortical plas-
ticity. In the present study, changes in neuronal coding
were observed without concomitant signs of motor
learning or adaptation, and the changes in coding did
not seem to reflect a steady improvement in the coding
of some particular movement parameter. Previous stud-
ies have instead highlighted the relative stability of
coding of movement direction in the absence of a
training paradigm (Gandolfo et al., 2000). Although
motor behavior did not change, it cannot be ruled out
that other behavioral factors, such as attention or moti-
vation, could change during the experimental session. A
possible link between such factors and the observed
drift coding of arm movement parameters in cortical
neurons remains to be elucidated.

Although the coding properties of single cells would
gradually change over time, accurate predictions of arm
position could continually be obtained from the neuro-
nal ensemble. In other words, in spite of an individual
neuron changing or even losing its capacity to code arm
position from earlier to later stages of an experiment,
other neurons would maintain or improve their capacity
so that arm position was continuously well encoded at
the population level. Hence, it appears that in our
experimental situation, coding of arm position was not
only distributed spatially over ensembles of cortical
neurons, but also ‘‘temporally distributed’’ among those
neurons, with time constants in the order of several tens
of minutes. Whereas adequate predictions of arm posi-
tion could be obtained for 60 min or more, the gradual
degradation of the performance of the linear models
highlights the need for performance evaluation and
model adaptation to be designed into any neuropros-
thetic system to be used by a patient for a longer period
of time.

METHODS

Surgical and Electrophysiological Procedures

Experiments were made on two owl monkeys (Aotus
trivirgatus). The Ethical Committee at Duke University
approved the study. Multiple microelectrode arrays
(NBLABS, Dennison, TX) each containing 16 or 32
Teflon-coated, 50-Am stainless steel microwires were
implanted under general gas anesthesia with 1% iso-
fluorane (Nicolelis, Ghazanfar, Faggin, Votaw, & Oli-
veira, 1997; Nicolelis, Ghazanfar, Stambaugh, et al.,
1997). Stereotaxic coordinates, published microstimula-
tion maps for owl monkeys (Preuss, Stepniewska, &
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Kaas, 1996; Stepniewska, Preuss, & Kaas, 1993), and
intraoperative neural mapping recordings were used to
locate the premotor, primary motor, and posterior
parietal cortical areas. In the first monkey (Monkey 1)
a total of 96 microwires were implanted: 16 in the left
primary motor cortex (MI), 16 in the left dorsal pre-
motor cortex (PMd), 16 in the posterior parietal cortex
(PP), 32 wires in the right PMd and MI, and 16 wires in
the right PP cortex. In the second monkey (Monkey 2),
32 microwires were implanted: 16 wires in the left PMd,
and 16 in the left MI cortex. A many neuron acquisition
processor (MNAP, Plexon Inc., Dallas, TX) was used to
acquire and discriminate activity from single neurons
from each implanted microwire. Time-amplitude dis-
criminators and a modified version of a principal
component algorithm (Nicolelis, Ghazanfar, Faggin,
et al., 1997) were used to isolate single cortical units
in real time. Analog samples of the action potential
waveforms and the time of occurrence of each spike
were stored.

Behavioral Task

Starting 1 to 2 weeks after surgery, animals were placed
in a primate chair for daily recording sessions. The
monkeys were being trained to center and move a
manipulandum to either left or right, spontaneously or
in response to a visual cue, to receive a juice reward. The
position of the manipulandum was recorded continu-
ously throughout the session using a precision potenti-
ometer with a sampling rate of 200 Hz. All sessions were
also videotaped.

The Linear Regression Model

Predictions of arm position based on simultaneously
recorded ensembles of cortical neurons were obtained
by applying a linear regression model to the multichan-
nel neural data. The linear model used is an extension
of the basic linear regression to the condition where the
inputs (x) and outputs ( y) are time series. In this case,
significant coupling between inputs and outputs is typ-
ically not limited to observations that are simultaneous
in time, but may exist over some range of time delay or
lag between the signals. In our model, X(t) is a matrix of
the inputs with each column corresponding to the
discharges of individual neurons and each row repre-
senting one time bin. For one spatial dimension, Y(t) is
a vector of the outputs, with samples of the position.
The linear relationship between the neuronal discharges
in X(t), and arm position in Y(t) is expressed as

Y ðtÞ ¼ bþ
Xn

u¼�m

aðuÞXðt� uÞ þ "ðtÞ

This equation convolves the series in X(t) (i.e., neuronal
firing in time) with the functions a(u), so that the sum of
these convolutions, plus a constant b, approximates the

trajectory of the hand, Y(t). In the equation above, a(u)
are the weights required for fitting X(t) to Y(t) as a
function of time lag u between inputs and the outputs.
These weight functions are called impulse response
functions. The term b corresponds to the y intercept in
the regression. The final term in the equation, >(t),
represents the residual errors, that is, any variation in
Y(t) that cannot be explained by X(t) (Brillinger, 2001;
Bendat & Piersol, 2000). The limits of the time lag u (m
and n in the above equation) should be set so that time
lags for which statistically significant coupling exists
between the signals in X(t) and Y(t) are included in the
model. For a real-time application, the model has to be
limited to positive u, that is, cortical activity in X(t) that
has not yet occurred cannot be used to make an
estimate of Y(t) at time t. Therefore, for a real-time
application, m is zero. The optimal value for n was
evaluated in the present study by fitting models to the
same sets of data with varying n in the equation. We also
evaluated a modified model where a fixed time shift u
is introduced in the index to Y, so that neuronal activity
is used to predict future values of Y,

Y ðtþ uÞ ¼ bþ
Xn

u¼0

aðuÞXðt� uÞ þ >ðtÞ

To fit the regression model, a temporal resolution was
chosen, and the number of discharges of each neuron
was counted in each bin at the desired resolution (25,
50, or 100 msec in this study), providing X(t) in the
equation. The model parameters a(u) and b were
estimated using standard linear regression techniques
(Brillinger, 2001).

Data Analysis

A model was first fitted to a segment of cortical and
movement data. Data segments of 1–20 min were eval-
uated, and 10 min was used if not otherwise indicated.
Next, the derived model was used to predict arm
position for another 10-min segment of data from the
same session, and the quality of these predictions were
used to evaluate the performance of a given model. The
index used was the squared linear correlation coefficient
R2 between the position predictions derived from the
model, Ŷ(t), and actual recorded position, Y(t). Note
that the R2 scores presented in the present study values
refer to predictions using new data rather than to how
well the model fitted the data that was used for its
derivation.

We further analyzed in detail the impulse response
functions a(u) for each individual neuron. Confidence
limits for these can be calculated with a frequency-
domain approach (Halliday et al., 1995; Rosenberg,
Amjad, Breeze, Brillinger, & Halliday, 1989). We also
used a statistical bootstrap method for time series: The
original data segment used to fit the model was split into
fragments of fixed length (5–30 sec), and the fragments
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were independently sampled with replacement to obtain
bootstrap samples of the original data segment. A model
was refitted for 1000 or more such bootstrap replica-
tions, and the distribution of the weights and other
model parameters were evaluated to obtain confidence
limits using standard procedures (Davison & Hinkley,
1997; Efron & Tibshirani, 1993). We evaluated varying
the fragment lengths and different algorithms for calcu-
lating the bootstrap confidence limits. We only observed
very small variations in the confidence limits. All analyses
were done using software written by the authors in
MATLAB (Mathworks, Natick, MA).
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