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From single cells to populations

Scaling of simultaneous recordings
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
recorded while a monkey performed a center-out reaching task22. In 
addition, spike data from 106 primary visual cortical neurons were 
recorded while an anesthetized monkey viewed oriented gratings23. In 
data from motor cortex, we considered sinusoidal tuning to the direction 
of hand movement, while in the data from visual cortex we considered 
tuning to the movement direction of an oriented grating. As the tuning 
curve model describes each neuron independently, spike prediction 
accuracy is constant as a function of the number of recorded neurons. 
For the interaction model, however, it is possible for spike prediction 
accuracy to vary as a function of the number of neurons (Fig. 2b). We 
found that spike prediction accuracy under the interaction model grows 
with the number of recorded neurons in both motor and visual cortex 
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Figure 1 Exponential growth in the number  
of recorded neurons. (a) Examining 56 studies 
published over the last five decades, we found 
that the number of simultaneously recorded 
neurons doubled approximately every 7 years. 
(b) A timeline of recording technologies  
during this period shows the development  
from single-electrode recordings to multi-
electrode arrays and in vivo imaging techniques. 
Images of recording techniques reprinted 
from refs. 40–43 with permission of Elsevier, 
Springer Science + Business Media, and  
Am. Physiol. Soc. Image of Utah array  
reprinted from ref. 42, © 1999 IEEE. Ca2+ 
imaging reprinted from ref. 33, © 2003 Natl. 
Acad. Sci. USA.

Network size

M
od

el
 1

Movement or stimuli Tuning curve

Predicted
spiking

Simultaneously recorded
neural activity

Predicted
spiking

Interactions
between neurons

a

M
od

el
 2

b

Visual cortex

S
pi

ke
 p

re
di

ct
io

n 
ac

cu
ra

cy
 (

bi
ts

 p
er

 s
)

102

102

101

101
0

0.2
0.4
0.6
0.8
1.0
1.2
1.4
1.6

0
0.2
0.4
0.6
0.8
1.0
1.2
1.4
1.6

Motor cortex

Tuning curves
Interactions between neurons
log(n)

c

S
ta

te
-s

pa
ce

 m
od

el
s Simultaneously recorded

neural activity

Estimated firing rates

Factor 1

Factor 2

Interpretation of
neural states

Figure 2 Approaches to neural data analysis and the scaling of spike 
prediction accuracy. (a) There are two main approaches to modeling 
multi-electrode data: mapping tuning properties to describe how neurons 
relate to stimuli or movement and mapping interactions between neurons. 
These techniques aim to predict spiking based on either external variables 
or other neural signals. (b) In data recorded from motor cortex (top) and 
visual cortex (bottom), spike prediction accuracy grows when modeling 
interactions between neurons, but is constant when modeling tuning 
curves. Shaded regions denote  s.e.m. across neurons. (c) An alternative 
approach is to consider simultaneously recorded neural activity as an 
expression of a latent, low-dimensional state space. These spaces can 
be extracted by first estimating smooth firing rates for each neuron and 
then using a dimensionality reduction technique such as factor analysis. 
Features of these state spaces can then be used to predict reaction times 
or reach targets on a trial-by-trial basis or to describe neural variability. 
Purple and green ellipses represent neural variability at target onset and 
movement onset, respectively.
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From single cells to populations

Neural coding: the two-way problem at a glance

not encode f1 at all—do so in dual form: positive or negative
monotonic encoding (green dots in Figure 4). These encodings
are also observed during the delay period between f1 and f2,
except for S1 and M1 neurons, which do not show any encoding
during this period (green dots in Figure 4). During the comparison
period, most S1 neurons encoded f2 in a positive monotonic
fashion (red dots in Figure 4), whereas most of the cortical areas
encoded the current stimulus f2, but also f1 (Figure 4). Again, the
encoding of f1 and f2 could be positive or negative monotonic.
But, in addition, the information of f1 and f2 is combined to
generate a differential response (blue dots in Figure 4). An inter-
esting observation is that some neurons during the comparison
period switched from an f1 encoding to a combination of f2
and f1 (black dots in Figure 4), and then to a differential response
(blue dots in Figure 4). During the postponed decision report,
many neurons from PFC, VPC, MPC, DPC, and M1 encoded
information on which the decision is based and the resulting

operation, f2 > f1 or f2 < f1 (Figure 4). Again, S1 did not show
any sign of participation in the postponed decision report
(Figure 4).

Dynamics of the Perceptual Discrimination Process
across Cortical Areas
Figure 4 shows the number of neurons with significant a1 and
a2 coefficients during the relevant components of the task.
However, it does not tell much about the dynamics of the popu-
lation response of each cortical area across the task compo-
nents. An analysis of the coefficients as functions of time shows
that all cortical areas studied here encoded f1 during the f1
presentation, except M1 (green traces in Figure 5A). The earliest
response began in S1 compared to S2, PFC, VPC, MPC, and
DPC, then S2 responded earlier than PFC, VPC, MPC, and
DPC, and finally PFC and VPC responded earlier than MPC
and DPC (Figure 6; p < 0.01 between response distributions;

Figure 2. Responses of a MPC Neuron
during the Discrimination Task and Control
Tests
(A) Raster plots of responses during the discrimi-

nation task. This neuron responded with an f1

negative monotonic fashion to the increasing stim-

ulus frequency f1 during the delay period between

f1 and f2 and during the early delay period

between the end of f2 and the beginning of the

decision motor report (pu). Each row of ticks is

a trial, and each tick is an action potential. Trials

were delivered in random order (10 trials per stim-

ulus pair). Labels at left indicate f1:f2 stimulus

pairs. Black indicates f2 > f1; gray indicates f2 < f1.

(B) Firing rate modulation (mean ± SEM) as a func-

tion of f1 or f2.

(C) Resulting coefficient values for f1 (a1, green)

and f2 (a2, red) for panels in (B).

(D) Coefficients values as functions of time. Green

and red traces correspond to a1 and a2, respec-

tively. Filled circles indicate significant values.

Black circles indicate points at which a1 and a2

were significant and of different magnitudes, but

had opposite signs; these are partially differential

(c) responses. Blue circles indicate points at which

a1 and a2 were significant and of similar magni-

tude but had opposite signs; these are fully differ-

ential (d) or categorical responses.

(E) Responses of the same neuron when the same

set of stimuli (A) was delivered to the fingertip, but

discrimination was restricted, just by removing the

key and the interrupt target switches. Thus, in this

condition the animal remained alert—by rewarding

with drops of liquid at different times—but was no

longer using the stimuli to indicate discrimination

with the free hand/arm. Under this test condition,

the neuron does not encode information about

the stimuli.

(F) Choice probability indices as function of time

during the discrimination task. Filled circles are

significant values that deviated from 0.5 (green

for f1 values; black for c values; and blue for

d values of D).

(G) Choice probability index for the same neuron tested in the light instruction task. Under this condition, the choice probability indices were calculated by

comparing the response distributions for lateral versus medial push button presses. Arm movements in this situation were identical to those in the vibrotactile

discrimination task but were cued by visual stimuli.
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Multiple neurons Neural responses
Actions

Perkel and Bullock(1968): The problem of neural coding is to elucidate the
representation and transformation of information in the nervous system.

How are stimuli encoded in the activity of multiple neurons?

How are actions predicted by the activity of multiple neurons?
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From single cells to populations

Actions potentials and spike trains

Result from a change of polarization in neurons’ membrane.

The temporal sequence is known as a spike trains.

Main information carriers between brain regions (Adrian and Zotterman,
1927).

⇒ “Neurons talk to each other through spike trains”.

6 / 41



From single cells to populations

Actions potentials and spike trains

Result from a change of polarization in neurons’ membrane.

The temporal sequence is known as a spike trains.

Main information carriers between brain regions (Adrian and Zotterman,
1927).

⇒ “Neurons talk to each other through spike trains”.

6 / 41



From single cells to populations

Actions potentials and spike trains

Result from a change of polarization in neurons’ membrane.

The temporal sequence is known as a spike trains.

Main information carriers between brain regions (Adrian and Zotterman,
1927).

⇒ “Neurons talk to each other through spike trains”.

6 / 41



From single cells to populations

Actions potentials and spike trains

Result from a change of polarization in neurons’ membrane.

The temporal sequence is known as a spike trains.

Main information carriers between brain regions (Adrian and Zotterman,
1927).

⇒ “Neurons talk to each other through spike trains”.

6 / 41



From single cells to populations

Shifting paradigms

Neurons vs. stimuli/actions (classical view).
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
recorded while a monkey performed a center-out reaching task22. In 
addition, spike data from 106 primary visual cortical neurons were 
recorded while an anesthetized monkey viewed oriented gratings23. In 
data from motor cortex, we considered sinusoidal tuning to the direction 
of hand movement, while in the data from visual cortex we considered 
tuning to the movement direction of an oriented grating. As the tuning 
curve model describes each neuron independently, spike prediction 
accuracy is constant as a function of the number of recorded neurons. 
For the interaction model, however, it is possible for spike prediction 
accuracy to vary as a function of the number of neurons (Fig. 2b). We 
found that spike prediction accuracy under the interaction model grows 
with the number of recorded neurons in both motor and visual cortex 
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Figure 1 Exponential growth in the number  
of recorded neurons. (a) Examining 56 studies 
published over the last five decades, we found 
that the number of simultaneously recorded 
neurons doubled approximately every 7 years. 
(b) A timeline of recording technologies  
during this period shows the development  
from single-electrode recordings to multi-
electrode arrays and in vivo imaging techniques. 
Images of recording techniques reprinted 
from refs. 40–43 with permission of Elsevier, 
Springer Science + Business Media, and  
Am. Physiol. Soc. Image of Utah array  
reprinted from ref. 42, © 1999 IEEE. Ca2+ 
imaging reprinted from ref. 33, © 2003 Natl. 
Acad. Sci. USA.
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Figure 2 Approaches to neural data analysis and the scaling of spike 
prediction accuracy. (a) There are two main approaches to modeling 
multi-electrode data: mapping tuning properties to describe how neurons 
relate to stimuli or movement and mapping interactions between neurons. 
These techniques aim to predict spiking based on either external variables 
or other neural signals. (b) In data recorded from motor cortex (top) and 
visual cortex (bottom), spike prediction accuracy grows when modeling 
interactions between neurons, but is constant when modeling tuning 
curves. Shaded regions denote  s.e.m. across neurons. (c) An alternative 
approach is to consider simultaneously recorded neural activity as an 
expression of a latent, low-dimensional state space. These spaces can 
be extracted by first estimating smooth firing rates for each neuron and 
then using a dimensionality reduction technique such as factor analysis. 
Features of these state spaces can then be used to predict reaction times 
or reach targets on a trial-by-trial basis or to describe neural variability. 
Purple and green ellipses represent neural variability at target onset and 
movement onset, respectively.
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Neuron-to-neuron interactions under fixed stimuli/actions (very much
studied).
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
recorded while a monkey performed a center-out reaching task22. In 
addition, spike data from 106 primary visual cortical neurons were 
recorded while an anesthetized monkey viewed oriented gratings23. In 
data from motor cortex, we considered sinusoidal tuning to the direction 
of hand movement, while in the data from visual cortex we considered 
tuning to the movement direction of an oriented grating. As the tuning 
curve model describes each neuron independently, spike prediction 
accuracy is constant as a function of the number of recorded neurons. 
For the interaction model, however, it is possible for spike prediction 
accuracy to vary as a function of the number of neurons (Fig. 2b). We 
found that spike prediction accuracy under the interaction model grows 
with the number of recorded neurons in both motor and visual cortex 
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Figure 2 Approaches to neural data analysis and the scaling of spike 
prediction accuracy. (a) There are two main approaches to modeling 
multi-electrode data: mapping tuning properties to describe how neurons 
relate to stimuli or movement and mapping interactions between neurons. 
These techniques aim to predict spiking based on either external variables 
or other neural signals. (b) In data recorded from motor cortex (top) and 
visual cortex (bottom), spike prediction accuracy grows when modeling 
interactions between neurons, but is constant when modeling tuning 
curves. Shaded regions denote  s.e.m. across neurons. (c) An alternative 
approach is to consider simultaneously recorded neural activity as an 
expression of a latent, low-dimensional state space. These spaces can 
be extracted by first estimating smooth firing rates for each neuron and 
then using a dimensionality reduction technique such as factor analysis. 
Features of these state spaces can then be used to predict reaction times 
or reach targets on a trial-by-trial basis or to describe neural variability. 
Purple and green ellipses represent neural variability at target onset and 
movement onset, respectively.
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
recorded while a monkey performed a center-out reaching task22. In 
addition, spike data from 106 primary visual cortical neurons were 
recorded while an anesthetized monkey viewed oriented gratings23. In 
data from motor cortex, we considered sinusoidal tuning to the direction 
of hand movement, while in the data from visual cortex we considered 
tuning to the movement direction of an oriented grating. As the tuning 
curve model describes each neuron independently, spike prediction 
accuracy is constant as a function of the number of recorded neurons. 
For the interaction model, however, it is possible for spike prediction 
accuracy to vary as a function of the number of neurons (Fig. 2b). We 
found that spike prediction accuracy under the interaction model grows 
with the number of recorded neurons in both motor and visual cortex 
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Figure 1 Exponential growth in the number  
of recorded neurons. (a) Examining 56 studies 
published over the last five decades, we found 
that the number of simultaneously recorded 
neurons doubled approximately every 7 years. 
(b) A timeline of recording technologies  
during this period shows the development  
from single-electrode recordings to multi-
electrode arrays and in vivo imaging techniques. 
Images of recording techniques reprinted 
from refs. 40–43 with permission of Elsevier, 
Springer Science + Business Media, and  
Am. Physiol. Soc. Image of Utah array  
reprinted from ref. 42, © 1999 IEEE. Ca2+ 
imaging reprinted from ref. 33, © 2003 Natl. 
Acad. Sci. USA.
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Figure 2 Approaches to neural data analysis and the scaling of spike 
prediction accuracy. (a) There are two main approaches to modeling 
multi-electrode data: mapping tuning properties to describe how neurons 
relate to stimuli or movement and mapping interactions between neurons. 
These techniques aim to predict spiking based on either external variables 
or other neural signals. (b) In data recorded from motor cortex (top) and 
visual cortex (bottom), spike prediction accuracy grows when modeling 
interactions between neurons, but is constant when modeling tuning 
curves. Shaded regions denote  s.e.m. across neurons. (c) An alternative 
approach is to consider simultaneously recorded neural activity as an 
expression of a latent, low-dimensional state space. These spaces can 
be extracted by first estimating smooth firing rates for each neuron and 
then using a dimensionality reduction technique such as factor analysis. 
Features of these state spaces can then be used to predict reaction times 
or reach targets on a trial-by-trial basis or to describe neural variability. 
Purple and green ellipses represent neural variability at target onset and 
movement onset, respectively.
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
recorded while a monkey performed a center-out reaching task22. In 
addition, spike data from 106 primary visual cortical neurons were 
recorded while an anesthetized monkey viewed oriented gratings23. In 
data from motor cortex, we considered sinusoidal tuning to the direction 
of hand movement, while in the data from visual cortex we considered 
tuning to the movement direction of an oriented grating. As the tuning 
curve model describes each neuron independently, spike prediction 
accuracy is constant as a function of the number of recorded neurons. 
For the interaction model, however, it is possible for spike prediction 
accuracy to vary as a function of the number of neurons (Fig. 2b). We 
found that spike prediction accuracy under the interaction model grows 
with the number of recorded neurons in both motor and visual cortex 
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Figure 1 Exponential growth in the number  
of recorded neurons. (a) Examining 56 studies 
published over the last five decades, we found 
that the number of simultaneously recorded 
neurons doubled approximately every 7 years. 
(b) A timeline of recording technologies  
during this period shows the development  
from single-electrode recordings to multi-
electrode arrays and in vivo imaging techniques. 
Images of recording techniques reprinted 
from refs. 40–43 with permission of Elsevier, 
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Figure 2 Approaches to neural data analysis and the scaling of spike 
prediction accuracy. (a) There are two main approaches to modeling 
multi-electrode data: mapping tuning properties to describe how neurons 
relate to stimuli or movement and mapping interactions between neurons. 
These techniques aim to predict spiking based on either external variables 
or other neural signals. (b) In data recorded from motor cortex (top) and 
visual cortex (bottom), spike prediction accuracy grows when modeling 
interactions between neurons, but is constant when modeling tuning 
curves. Shaded regions denote  s.e.m. across neurons. (c) An alternative 
approach is to consider simultaneously recorded neural activity as an 
expression of a latent, low-dimensional state space. These spaces can 
be extracted by first estimating smooth firing rates for each neuron and 
then using a dimensionality reduction technique such as factor analysis. 
Features of these state spaces can then be used to predict reaction times 
or reach targets on a trial-by-trial basis or to describe neural variability. 
Purple and green ellipses represent neural variability at target onset and 
movement onset, respectively.
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
recorded while a monkey performed a center-out reaching task22. In 
addition, spike data from 106 primary visual cortical neurons were 
recorded while an anesthetized monkey viewed oriented gratings23. In 
data from motor cortex, we considered sinusoidal tuning to the direction 
of hand movement, while in the data from visual cortex we considered 
tuning to the movement direction of an oriented grating. As the tuning 
curve model describes each neuron independently, spike prediction 
accuracy is constant as a function of the number of recorded neurons. 
For the interaction model, however, it is possible for spike prediction 
accuracy to vary as a function of the number of neurons (Fig. 2b). We 
found that spike prediction accuracy under the interaction model grows 
with the number of recorded neurons in both motor and visual cortex 
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Figure 1 Exponential growth in the number  
of recorded neurons. (a) Examining 56 studies 
published over the last five decades, we found 
that the number of simultaneously recorded 
neurons doubled approximately every 7 years. 
(b) A timeline of recording technologies  
during this period shows the development  
from single-electrode recordings to multi-
electrode arrays and in vivo imaging techniques. 
Images of recording techniques reprinted 
from refs. 40–43 with permission of Elsevier, 
Springer Science + Business Media, and  
Am. Physiol. Soc. Image of Utah array  
reprinted from ref. 42, © 1999 IEEE. Ca2+ 
imaging reprinted from ref. 33, © 2003 Natl. 
Acad. Sci. USA.
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Figure 2 Approaches to neural data analysis and the scaling of spike 
prediction accuracy. (a) There are two main approaches to modeling 
multi-electrode data: mapping tuning properties to describe how neurons 
relate to stimuli or movement and mapping interactions between neurons. 
These techniques aim to predict spiking based on either external variables 
or other neural signals. (b) In data recorded from motor cortex (top) and 
visual cortex (bottom), spike prediction accuracy grows when modeling 
interactions between neurons, but is constant when modeling tuning 
curves. Shaded regions denote  s.e.m. across neurons. (c) An alternative 
approach is to consider simultaneously recorded neural activity as an 
expression of a latent, low-dimensional state space. These spaces can 
be extracted by first estimating smooth firing rates for each neuron and 
then using a dimensionality reduction technique such as factor analysis. 
Features of these state spaces can then be used to predict reaction times 
or reach targets on a trial-by-trial basis or to describe neural variability. 
Purple and green ellipses represent neural variability at target onset and 
movement onset, respectively.
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
recorded while a monkey performed a center-out reaching task22. In 
addition, spike data from 106 primary visual cortical neurons were 
recorded while an anesthetized monkey viewed oriented gratings23. In 
data from motor cortex, we considered sinusoidal tuning to the direction 
of hand movement, while in the data from visual cortex we considered 
tuning to the movement direction of an oriented grating. As the tuning 
curve model describes each neuron independently, spike prediction 
accuracy is constant as a function of the number of recorded neurons. 
For the interaction model, however, it is possible for spike prediction 
accuracy to vary as a function of the number of neurons (Fig. 2b). We 
found that spike prediction accuracy under the interaction model grows 
with the number of recorded neurons in both motor and visual cortex 
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Figure 1 Exponential growth in the number  
of recorded neurons. (a) Examining 56 studies 
published over the last five decades, we found 
that the number of simultaneously recorded 
neurons doubled approximately every 7 years. 
(b) A timeline of recording technologies  
during this period shows the development  
from single-electrode recordings to multi-
electrode arrays and in vivo imaging techniques. 
Images of recording techniques reprinted 
from refs. 40–43 with permission of Elsevier, 
Springer Science + Business Media, and  
Am. Physiol. Soc. Image of Utah array  
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Figure 2 Approaches to neural data analysis and the scaling of spike 
prediction accuracy. (a) There are two main approaches to modeling 
multi-electrode data: mapping tuning properties to describe how neurons 
relate to stimuli or movement and mapping interactions between neurons. 
These techniques aim to predict spiking based on either external variables 
or other neural signals. (b) In data recorded from motor cortex (top) and 
visual cortex (bottom), spike prediction accuracy grows when modeling 
interactions between neurons, but is constant when modeling tuning 
curves. Shaded regions denote  s.e.m. across neurons. (c) An alternative 
approach is to consider simultaneously recorded neural activity as an 
expression of a latent, low-dimensional state space. These spaces can 
be extracted by first estimating smooth firing rates for each neuron and 
then using a dimensionality reduction technique such as factor analysis. 
Features of these state spaces can then be used to predict reaction times 
or reach targets on a trial-by-trial basis or to describe neural variability. 
Purple and green ellipses represent neural variability at target onset and 
movement onset, respectively.
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
recorded while a monkey performed a center-out reaching task22. In 
addition, spike data from 106 primary visual cortical neurons were 
recorded while an anesthetized monkey viewed oriented gratings23. In 
data from motor cortex, we considered sinusoidal tuning to the direction 
of hand movement, while in the data from visual cortex we considered 
tuning to the movement direction of an oriented grating. As the tuning 
curve model describes each neuron independently, spike prediction 
accuracy is constant as a function of the number of recorded neurons. 
For the interaction model, however, it is possible for spike prediction 
accuracy to vary as a function of the number of neurons (Fig. 2b). We 
found that spike prediction accuracy under the interaction model grows 
with the number of recorded neurons in both motor and visual cortex 
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
recorded while a monkey performed a center-out reaching task22. In 
addition, spike data from 106 primary visual cortical neurons were 
recorded while an anesthetized monkey viewed oriented gratings23. In 
data from motor cortex, we considered sinusoidal tuning to the direction 
of hand movement, while in the data from visual cortex we considered 
tuning to the movement direction of an oriented grating. As the tuning 
curve model describes each neuron independently, spike prediction 
accuracy is constant as a function of the number of recorded neurons. 
For the interaction model, however, it is possible for spike prediction 
accuracy to vary as a function of the number of neurons (Fig. 2b). We 
found that spike prediction accuracy under the interaction model grows 
with the number of recorded neurons in both motor and visual cortex 
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
recorded while a monkey performed a center-out reaching task22. In 
addition, spike data from 106 primary visual cortical neurons were 
recorded while an anesthetized monkey viewed oriented gratings23. In 
data from motor cortex, we considered sinusoidal tuning to the direction 
of hand movement, while in the data from visual cortex we considered 
tuning to the movement direction of an oriented grating. As the tuning 
curve model describes each neuron independently, spike prediction 
accuracy is constant as a function of the number of recorded neurons. 
For the interaction model, however, it is possible for spike prediction 
accuracy to vary as a function of the number of neurons (Fig. 2b). We 
found that spike prediction accuracy under the interaction model grows 
with the number of recorded neurons in both motor and visual cortex 
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that the number of simultaneously recorded 
neurons doubled approximately every 7 years. 
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Acad. Sci. USA.
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Figure 2 Approaches to neural data analysis and the scaling of spike 
prediction accuracy. (a) There are two main approaches to modeling 
multi-electrode data: mapping tuning properties to describe how neurons 
relate to stimuli or movement and mapping interactions between neurons. 
These techniques aim to predict spiking based on either external variables 
or other neural signals. (b) In data recorded from motor cortex (top) and 
visual cortex (bottom), spike prediction accuracy grows when modeling 
interactions between neurons, but is constant when modeling tuning 
curves. Shaded regions denote  s.e.m. across neurons. (c) An alternative 
approach is to consider simultaneously recorded neural activity as an 
expression of a latent, low-dimensional state space. These spaces can 
be extracted by first estimating smooth firing rates for each neuron and 
then using a dimensionality reduction technique such as factor analysis. 
Features of these state spaces can then be used to predict reaction times 
or reach targets on a trial-by-trial basis or to describe neural variability. 
Purple and green ellipses represent neural variability at target onset and 
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
recorded while a monkey performed a center-out reaching task22. In 
addition, spike data from 106 primary visual cortical neurons were 
recorded while an anesthetized monkey viewed oriented gratings23. In 
data from motor cortex, we considered sinusoidal tuning to the direction 
of hand movement, while in the data from visual cortex we considered 
tuning to the movement direction of an oriented grating. As the tuning 
curve model describes each neuron independently, spike prediction 
accuracy is constant as a function of the number of recorded neurons. 
For the interaction model, however, it is possible for spike prediction 
accuracy to vary as a function of the number of neurons (Fig. 2b). We 
found that spike prediction accuracy under the interaction model grows 
with the number of recorded neurons in both motor and visual cortex 
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Figure 1 Exponential growth in the number  
of recorded neurons. (a) Examining 56 studies 
published over the last five decades, we found 
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neurons doubled approximately every 7 years. 
(b) A timeline of recording technologies  
during this period shows the development  
from single-electrode recordings to multi-
electrode arrays and in vivo imaging techniques. 
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Acad. Sci. USA.
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Figure 2 Approaches to neural data analysis and the scaling of spike 
prediction accuracy. (a) There are two main approaches to modeling 
multi-electrode data: mapping tuning properties to describe how neurons 
relate to stimuli or movement and mapping interactions between neurons. 
These techniques aim to predict spiking based on either external variables 
or other neural signals. (b) In data recorded from motor cortex (top) and 
visual cortex (bottom), spike prediction accuracy grows when modeling 
interactions between neurons, but is constant when modeling tuning 
curves. Shaded regions denote  s.e.m. across neurons. (c) An alternative 
approach is to consider simultaneously recorded neural activity as an 
expression of a latent, low-dimensional state space. These spaces can 
be extracted by first estimating smooth firing rates for each neuron and 
then using a dimensionality reduction technique such as factor analysis. 
Features of these state spaces can then be used to predict reaction times 
or reach targets on a trial-by-trial basis or to describe neural variability. 
Purple and green ellipses represent neural variability at target onset and 
movement onset, respectively.
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
at the heart of many neural data analysis techniques9. These tech-
niques generally ask how information about the external world is 
encoded in the spiking of neurons10. On the other hand, a number 
of applications, such as brain-machine interfaces, aim to use neural 
firing to predict behavior or estimate what stimuli are present in 
the external world. These two issues are together referred to as the 
 neural coding problem. We want to understand how neurons encode 
information about the external world and we want to understand 
how neural signals can be decoded to provide information about the 
external world. In most cases, encoding and decoding models are 
tightly linked; leading decoding models are usually based on explicit 
models of encoding11–13.

We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
to depend sinusoidally on the direction of the animal’s hand move-
ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.

We analyzed datasets of recorded spikes using two models that both 
aim at predicting trial-by-trial spike counts: a tuning curve model that  
makes predictions based on external stimuli and a pair-wise inter-
actions model that makes predictions based on the activity of the other  
simultaneously recorded neurons (Fig. 2a). In both models, we assumed 
that spike counts on a given trial were generated by a linear nonlinear 
Poisson model21, where the firing rate is determined either by a tuning 
curve or by coupling with the other recorded neurons. We estimated the 
parameters of these two models using maximum a posteriori estimation 
and assessed the spike prediction accuracy on trials that were not used 
during the estimation (Supplementary Methods). We were particu-
larly interested in how the number of simultaneously recorded neurons 
affects spike prediction accuracy. For the interaction model, we varied 
the ‘network size’ by using a random subsample of the other recorded 
neurons and examined how prediction accuracy varies with the number 
of neurons used in the model.

Spike data from 143 primary and pre-motor cortical neurons were 
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accuracy of two commonly used neural data analysis methods scales 
with the number of simultaneously recorded neurons.

Understanding what makes neurons fire is a central question in 
neuroscience and being able to accurately predict neural activity is 
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niques generally ask how information about the external world is 
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the external world. These two issues are together referred to as the 
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We focused on models of neural encoding and two general 
approaches to the neural coding problem. Many methods focus on 
describing how neural firing relates to stimuli or the movement pro-
duced by an animal, using tuning curves or receptive fields. For exam-
ple, in motor cortex, the firing of the majority of neurons appears 
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ment. A second class of methods focuses on describing how neurons 
 interact and influence one another14–20 and assume that each neuron’s 
 spiking may influence the spiking probability of other neurons. We 
fitted typical versions of both model classes to multi-electrode data 
recorded from the cortices of awake, behaving (motor task) or anes-
thetized (visual task) monkeys and determined how spike prediction 
accuracy scaled with the number of recorded neurons.
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From single cells to populations

Searching for information traces (Methods)
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From single cells to populations

Spike trains: Poisson process or binary Markov chain?
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Information-theoretic perspective

The context-tree weighting method (Willems et al’95)

Assumptions: suited for finite-alphabet variable-length Markov sequences of
bounded order.

Mixture method: weights Bayesian estimated probabilities over all possible
submodels.

Performance: does well theoretically and in practice.

F. Willems, Y. Shtarkov and T. Tjalkens, “The context-tree weighting method: basic properties”, 1995.
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Information-theoretic perspective

Example Step 1
111

1

11

01

011

001
�

101

(0, 0)

x = 1010110111

0

10

00

010

100

000 (0, 0)

110

(0, 0)

(0, 0)

(0, 0)

(0, 0)

(0, 0)

(0, 0)

(1, 0)

(1, 0)

(1, 0)

(0, 0)

(0, 0)

(0, 0)

(1, 0)

P̂ (X = 0|101)

16 / 41



Information-theoretic perspective

Example Step 1
111

1

11

01

011

001
�

101

(2, 0)

(0, 2)

(0, 3)

(0, 3)

(2, 3)

(2, 5)
(0, 0)

(2, 0)

(0, 0)
x = 1010110111

0

10

00

010

100

000 (0, 0)

(0, 2)

110

(0, 0)

(0, 0)

(0, 1)

(0, 1)

P̂ (X = 1|101011011)

16 / 41



Information-theoretic perspective
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Information-theoretic perspective
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Information-theoretic perspective

But we still need a “channel” model...

Spike-train communication may occur in the presence of feedback and
spanning a correlated time window.
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t

What is the information-theoretic limit of this type of channels (Kim, 08)?
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Information-theoretic perspective

Directed Information (Massey, 90)

Definition and formula

I(XT ! Y T ) =
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I(Yt;X
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Relationship with mutual information

Interpretation in various contexts: capacity of channels with memory and
feedback, hypothesis testing, etc.
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Information-theoretic perspective

Estimation based on CTW

Estimator Î (XT → Y T ) by plugging the universal probability assignment
P̂XT .

Consistency for jointly stationary Markovian processes (Jiao et al, 13)

lim
T→∞

Î (XT → Y T ) = I (XT → Y T )

Improves bias and variance over ML estimator for large memories.
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Information-theoretic perspective

Example
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Information-theoretic perspective

Example, δ = 0.1 and ε = 0.05
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Spike-train data analysis

Decision-making task

DIFFERENCE LIMEN

In flutter discrimination, the
difference limen is a measure of
how small an increase in the
frequency of a vibrotactile
stimulus can be detected when
compared to a standard stimulus
frequency. A smaller difference
limen implies a higher
discrimination capacity.

WEBER FRACTION

Weber made the observation
that, within a fairly large range,
the increase in a stimulus that is
just noticeable (ΔI) is a constant
proportion of the initial
stimulus (I) for any one sense.
The proportion ΔI/I is the 
Weber fraction.

204 | MARCH  2003 | VOLUME 4  www.nature.com/reviews/neuro
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variations are essentially removed. Spatiotemporal inte-
gration of tactile input, as in texture discrimination or
recognition of Braille characters, is certainly an interest-
ing problem10–12,but it complicates the neural codes con-
siderably13–16 without necessarily adding any essential
features to the memory or decision-making steps of a
discrimination process.However, for the flutter task to be
a useful model, it is essential that it generates a reliable
sequence of cognitive events, such as the one described
earlier.How do we know this is the case?

A crucial step is to scrutinize the psychophysics17.
Importantly, in the original flutter discrimination task,
f1 did not vary from trial to trial during a run. When we
re-examined the design of the task18 we found it to be
ambiguous — when the f1 is kept constant, the task can
be solved either by comparing the two stimuli or by cat-
egorizing the second stimulus as ‘high’ or ‘low’, ignoring
the base stimulus. What were the monkeys actually
doing? When f1 was kept constant during long blocks
of trials, as done originally, the measured DIFFERENCE

LIMENS and WEBER FRACTIONS were, as expected, similar to
those reported before. But if the monkeys had been
evaluating the difference between f1 and f2, they would

~5 and ~50 Hz1–3. Mountcastle and his colleagues
showed that flutter is primarily mediated by rapidly-
adapting cutaneous mechanoreceptors2,3, and found that
humans and monkeys have similar abilities for detecting
and discriminating the frequencies of mechanical sinu-
soids delivered to the hands3–5. These authors also tried
to determine how the neural activity triggered by flutter
stimuli is related to psychophysical performance3,5. In
their discrimination task5, animals had to indicate
whether the frequency of a comparison stimulus was
lower or higher than the frequency of a base stimulus that
had been presented earlier (FIG. 1). In principle, the task
can be conceptualized as a chain of neural operations or
cognitive steps: encoding the first stimulus frequency (f1),
maintaining it in working memory, encoding the second
frequency (f2), comparing it with the memory trace that
was left by the first stimulus, and communicating the
result of the comparison to the motor system. The flutter
task offers several advantages as a model for sensory pro-
cessing in the brain6 — not only do humans and mon-
keys perform similarly,but the items to be compared are
temporally spread and always activate the same well-
defined population of primary receptors2,3,7–9. So, spatial
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Figure 1 | Flutter discrimination task. a, b | Sequence of events during discrimination trials. The mechanical stimulator is lowered,
indenting the fingertip of one digit of the restrained hand. The monkey places its free hand on an immovable key (a, red line; KD).
The probe oscillates vertically at the base stimulus frequency (f1). After a delay, a second mechanical vibration is delivered at the
comparison frequency (f2). The monkey releases the key (b, red line; KU), and presses either a medial or a lateral push button (b, red
line; PB) to indicate whether the comparison frequency was lower or higher than the base frequency. c | Stimulus sets used during
recording sessions. Each box indicates a base/comparison frequency pair. The numbers inside the boxes show the overall
percentage of correct discriminations. The stimulus sets shown here were used to determine discrimination thresholds (left), and to
study working-memory (middle) and comparison (right) processes during the task. The three sets were often used during any given
recording session. Modified, with permission, from REF. 42 © (2002) Elsevier Science.

Vibrotactile discrimination task
1 Reception of first stimulus

2 Storage in working memory

3 Reception of second stimulus

4 Comparison of both stimuli and decision

5 Motor action

6 Reward

R. Romo and E. Salinas, “Flutter discrimation: neural codes perception, memory and decision making”,
Nat. Rev. Neurosci., 2003.
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Spike-train data analysis

Decision-making task

DIFFERENCE LIMEN

In flutter discrimination, the
difference limen is a measure of
how small an increase in the
frequency of a vibrotactile
stimulus can be detected when
compared to a standard stimulus
frequency. A smaller difference
limen implies a higher
discrimination capacity.

WEBER FRACTION

Weber made the observation
that, within a fairly large range,
the increase in a stimulus that is
just noticeable (ΔI) is a constant
proportion of the initial
stimulus (I) for any one sense.
The proportion ΔI/I is the 
Weber fraction.
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Spike-train data analysis

Control task: Passive stimulation

1 Reception of first stimulus

2 Variable-time reward

3 (Reception of second stimulus)
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Information processing during decision making
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Spike-train data analysis

Questions

Q1: Where and when task information is distributed?

Q2: How is task information distributed during passive stimulation?

Q3: How is task information modulated and delayed across brain areas?
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Spike-train data analysis

Spike trains as units of information

Analysis of neuronal spike trains during both tasks.

Unifying approach of neural-coding paradigms (rate and temporal code).

Use of the entropy as a measure of information in spike trains.

not encode f1 at all—do so in dual form: positive or negative
monotonic encoding (green dots in Figure 4). These encodings
are also observed during the delay period between f1 and f2,
except for S1 and M1 neurons, which do not show any encoding
during this period (green dots in Figure 4). During the comparison
period, most S1 neurons encoded f2 in a positive monotonic
fashion (red dots in Figure 4), whereas most of the cortical areas
encoded the current stimulus f2, but also f1 (Figure 4). Again, the
encoding of f1 and f2 could be positive or negative monotonic.
But, in addition, the information of f1 and f2 is combined to
generate a differential response (blue dots in Figure 4). An inter-
esting observation is that some neurons during the comparison
period switched from an f1 encoding to a combination of f2
and f1 (black dots in Figure 4), and then to a differential response
(blue dots in Figure 4). During the postponed decision report,
many neurons from PFC, VPC, MPC, DPC, and M1 encoded
information on which the decision is based and the resulting

operation, f2 > f1 or f2 < f1 (Figure 4). Again, S1 did not show
any sign of participation in the postponed decision report
(Figure 4).

Dynamics of the Perceptual Discrimination Process
across Cortical Areas
Figure 4 shows the number of neurons with significant a1 and
a2 coefficients during the relevant components of the task.
However, it does not tell much about the dynamics of the popu-
lation response of each cortical area across the task compo-
nents. An analysis of the coefficients as functions of time shows
that all cortical areas studied here encoded f1 during the f1
presentation, except M1 (green traces in Figure 5A). The earliest
response began in S1 compared to S2, PFC, VPC, MPC, and
DPC, then S2 responded earlier than PFC, VPC, MPC, and
DPC, and finally PFC and VPC responded earlier than MPC
and DPC (Figure 6; p < 0.01 between response distributions;

Figure 2. Responses of a MPC Neuron
during the Discrimination Task and Control
Tests
(A) Raster plots of responses during the discrimi-

nation task. This neuron responded with an f1

negative monotonic fashion to the increasing stim-

ulus frequency f1 during the delay period between

f1 and f2 and during the early delay period

between the end of f2 and the beginning of the

decision motor report (pu). Each row of ticks is

a trial, and each tick is an action potential. Trials

were delivered in random order (10 trials per stim-

ulus pair). Labels at left indicate f1:f2 stimulus

pairs. Black indicates f2 > f1; gray indicates f2 < f1.

(B) Firing rate modulation (mean ± SEM) as a func-

tion of f1 or f2.

(C) Resulting coefficient values for f1 (a1, green)

and f2 (a2, red) for panels in (B).

(D) Coefficients values as functions of time. Green

and red traces correspond to a1 and a2, respec-

tively. Filled circles indicate significant values.

Black circles indicate points at which a1 and a2

were significant and of different magnitudes, but

had opposite signs; these are partially differential

(c) responses. Blue circles indicate points at which

a1 and a2 were significant and of similar magni-

tude but had opposite signs; these are fully differ-

ential (d) or categorical responses.

(E) Responses of the same neuron when the same

set of stimuli (A) was delivered to the fingertip, but

discrimination was restricted, just by removing the

key and the interrupt target switches. Thus, in this

condition the animal remained alert—by rewarding

with drops of liquid at different times—but was no

longer using the stimuli to indicate discrimination

with the free hand/arm. Under this test condition,

the neuron does not encode information about

the stimuli.

(F) Choice probability indices as function of time

during the discrimination task. Filled circles are

significant values that deviated from 0.5 (green

for f1 values; black for c values; and blue for

d values of D).

(G) Choice probability index for the same neuron tested in the light instruction task. Under this condition, the choice probability indices were calculated by

comparing the response distributions for lateral versus medial push button presses. Arm movements in this situation were identical to those in the vibrotactile

discrimination task but were cued by visual stimuli.

Neuron

Decision Making across Cortex

304 Neuron 66, 300–314, April 29, 2010 ª2010 Elsevier Inc.
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Spike-train data analysis

Data recordings

2 monkeys, more than 10 populations of neurons each belonging to 2
somatosensory areas (S1, S2) and 3 pre-motor and motor areas (MPC,
DPC and M1).

Simultaneous recordings of spike trains during the whole task ( ≈ 8.5
seconds).

Collect trials for different pairs of frequencies (14, 22) and (30, 22).
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Spike-train data analysis

Data analysis

1 Divide the whole task into time periods of 500 ms.

2 Transform the spike-train trials into binary sequences using bins of 2 ms.

3 Concatenate binary trials for each period.

4 Estimate the directed information of each concatenated simultaneous spike
train for (14, 22)Hz and (30, 22)Hz.

5 Find significant differences across frequency pairs during both tasks.

Stimulus 2 Initial
state · · ·

· · ·
· · · · · · Decision 

500 ms

· · ·
4 8 15

Stimulus 1

1
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Spike-train data analysis

Task information across the cortex
Discrimination task (green).
Discrimination and the passive stimulation task (grey).
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Spike-train data analysis

How is task information modulated?
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How is task information delayed?
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Conclusions of the study

Task-driven correlations vanish in a great proportion during control tasks.

Stimuli and decision features are distributed by disjoint interacting paths.

Sensory and behavioral information is distributed at different time scales.

Tauste Campo et al, “Task-driven intra- and interarea communications in primate cerebral cortex”, PNAS
(under review), 2015.
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Outline of the talk

The brain (growing) data challenge: from single-cell to population analysis

An information-theoretic perspective

Task-driven neuronal communications in monkeys

New directions
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Biological directions

Analysis of task information during error trials.

Analysis of delays across different tasks.

New datasets:
I Simultaneous neurons from thalamus and cortex (monkeys, n = 2)

I Simultaneous intracranial EEG recordings during task conditions (humans,
n = 3).

I Simultaneous scalp EEG recordings from comma patients (humans, n = 190).
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Analysis directions

Extend to a more general multivariate framework (Multivariate Markov
models, etc), rigorous comparison with Poisson, Hawkes models.

Frame neural responses, stimuli, actions into a complete Bayesian causal
model.

Apply specific dimensionality reduction techniques .
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I want to thank....

Marina Martinez-Garcia, Gustavo Deco (Computational neuroscience group,
CBC , UPF).

Jiantiao Jiao, Tsachy Weissman (Stanford University).

Verónica Nácher, Rogelio Luna, Ranulfo Romo (Universidad Nacional
Autónoma de México, México).
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Thank you all for your attention, your turn ;)!
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Statistical tests

Significance for fixed stimuli/action

Use the maximum directed information over thresholded time delays as test
statistic.

Construct null hypothesis via trial permutation (N = 20) without
replacement in one time series concatenation.

Similar results when using sum of directed information over adjacent
thresholded time delays.

For those significant correlation:

Significance for varying simuli/actions

Test the difference of the average directed information under two values of
stimuli and actions.

Construct null hypothesis exactly by sampling all possible permutations.

Similar results when using the difference of the median as test statistic.
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