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Decoding dynamic mental states
The work discussed so far has several important limi-
tations. For example, in all cases the mental state of an 
individual was decoded during predefined and extended 
blocks of trials, during which the participants were either 
instructed to continuously imagine a cued stimulus, or 
during which a stimulus or class of stimuli were continu-
ously presented under tight experimental control. These 

situations are not typical of patterns of thought and per-
ception in everyday life, which are characterized by a con-
tinually changing ‘stream of consciousness’35. To decode 
cognitive states under more natural conditions it would 
therefore be desirable to know whether the spontaneously 
changing dynamic stream of thought can be reconstructed 
from brain activity alone. One promising approach to such 
a complex question has been to study a simplified model 

Box 2 | Statistical pattern recognition

Spatial patterns can be analysed by 
using the multivariate pattern 
recognition approach. In panel a, 
functional MRI measures brain 
activity repeatedly every few 
seconds in a large number of small 
volumes, or voxels, each a few 
millimetres in size (left). The signal 
measured in each voxel reflects 
local changes in oxygenated and 
deoxygenated haemoglobin that 
are a consequence of neural 
activity18. The joint activity in a 
subset (N) of these voxels (shown 
here as a 3x3 grid) constitutes a 
spatial pattern that can be 
expressed as a pattern vector (right). 
Different pattern vectors reflect 
different mental states; for example, 
those associated with different 
images viewed by the subject. Each 
pattern vector can be interpreted as 
a point in an N-dimensional space 
(shown here in panels b–e for only 
the first two dimensions, red and 
blue indicate the two conditions). 
Each measurement of brain activity 
corresponds to a single point. A 
successful classifier will learn to 
distinguish between pattern vectors 
measured under different mental 
states. In panel b, the classifier can 
operate on single voxels because 
the response distributions (red and 
blue Gaussians) are separable within 
individual voxels. In panel c, the two 
categories cannot be separated in 
individual voxels because the 
distributions are largely 
overlapping. However, the response 
distributions can be separated by 
taking into account the 
combination of responses in both 
voxels. A linear decision boundary can be used to separate these two-dimensional response distributions. Panel d is an 
example of a case where a linear decision boundary is not sufficient and a curved decision boundary is required 
(corresponding to a nonlinear classifier). In panel e, to test the predictive power of a classifier, data are separated into 
training and test data sets. Training data (red and blue symbols) are used to train a classifier, which is then applied to a 
new and independent test data set. The proportion of these independent data that are classified either correctly (open 
circle, ‘correct’) or incorrectly (filled circle, ‘error’) gives a measure of classification performance. Because classification 
performance deteriorates dramatically if the number of voxels exceeds the number of data points, the dimensionality 
can be reduced by using, for example, principal component analyses14, downsampling44 or voxel selection, according to 
various criteria7. An interesting strategy to avoid the bias that comes with voxel selection is to systematically search 
through the brain for regions where local clusters of voxels carry information12. Panels b–d modified, with permission, 
from REF. 2  (2003) Academic Press.

Voxel
A voxel is the three-
dimensional (3D) equivalent of 
a pixel; a finite volume within 
3D space. This corresponds to 
the smallest element measured 
in a 3D anatomical or 
functional brain image volume.

Pattern vector
A vector is a set of one or more 
numerical elements. Here, a 
pattern vector is the set of 
values that together represent 
the value of each individual 
voxel in a particular spatial 
pattern.

Orientation tuning
Many neurons in the 
mammalian early visual cortex 
evoke spikes at a greater rate 
when the animal is presented 
with visual stimuli of a 
particular orientation. The 
stimulus orientation that 
evokes the greatest firing rate 
for a particular cell is known as 
its preferred orientation, and 
the orientation tuning curve of 
a cell describes how that firing 
rate changes as the orientation 
of the stimulus is varied away 
from the preferred orientation.

Spatial anisotropy
An anisotropic property is one 
where a measurement made in 
one direction differs from the 
measurement made in another 
direction. For example, the 
orientation tuning preferences 
of neurons in V1 change in a 
systematic but anisotropic way 
across the surface of the cortex.

Electroencephalogram
(EEG). The continuously 
changing electrical signal 
recorded from the scalp in 
humans that reflects the 
summated postsynaptic 
potentials of cortical neurons 
in response to changing 
cognitive or perceptual states. 
The EEG can be measured with 
extremely high temporal 
resolution.
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