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Learning to be skillful is an endowed talent of humans, but neural mechanisms underlying behavioral improvement remain
largely unknown. Some studies have reported that the mean magnitude of neural activation is increased after learning,
whereas others have instead shown decreased activation. In this study, we used functional magnetic resonance imaging
(fMRI) to investigate learning-induced changes in the neural activation in the human brain with a classic motor training task.
Specifically, instead of comparing the mean magnitudes of activation before and after training, we analyzed the learning-
induced changes in multi-voxel spatial patterns of neural activation. We observed that the stability of the activation
patterns, or the similarity of the activation patterns between the even and odd runs of the fMRI scans, was significantly
increased in the primary motor cortex (M1) after training. By contrast, the mean magnitude of neural activation remained
unchanged. Therefore, our study suggests that learning shapes the brain by increasing the stability of the activation
patterns, therefore providing a new perspective in understanding the neural mechanisms underlying learning.
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Introduction

From using chopsticks to playing piano, a certain amount of
training is required. However, functional magnetic resonance
imaging (fMRI) studies provide contradicting findings on the
neural mechanisms underlying learning. After training, the mean
magnitude of neural activation in a region of interest can be either
increased [1,2,3,4,5,6,7], decreased [2,3,6,8,9,10,11] or even
unchanged [12]. We argue that one possible interpretation of
these inconsistent findings is that learning-induced changes are not
homogenous in that the activation of some neurons is increased
and the activation of others is decreased (for a review, see [13]).
Accordingly, fMRI studies based on the mean magnitudes of
neural activation averaged across voxels may show inconsistent
findings.

Neurophysiological studies on monkeys have unequivocally
demonstrated the heterogencous nature of changes in neuronal
activation after training. In these studies, training generally
increases the selectivity of neurons to trained stimuli or tasks,
but the increased selectivity is achieved in different manners. One
method is to sharpen the tuning curve of either the least responsive
neurons [14,15,16] or the most informative neurons [17,18].
Another method is to modify the magnitude of neuronal activation
by either decreasing the responses for untrained stimuli [19] or
increasing the responses for trained stimuli [14,15,17]. Therefore,
when learning-induced neuronal changes are examined at the
population level, contradictory results that are similar to those
observed in the fMRI studies are observed. That is, the neural
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activation is either decreased [20,21], increased [22,23,24] or
unchanged [25].

In this study, we proposed a new approach to investigate the
neural mechanisms underlying learning at a finer scale using
a multi-voxel pattern analysis (MVPA) [26]. This new approach is
derived from two previous findings. First, learning modifies the
tuning of activation patterns for task-relevant features
[27,28,29,30]. Second, MVPA is suitable for revealing heteroge-
neous neural activation, such as the orientation map in the
primary visual cortex [31]. Therefore, if motor training leads to
heterogeneous changes in the primary motor cortex (Ml), we
expect significant changes in the activation patterns for trained
(versus untrained) finger-tapping movements, even without signif-
icant changes in the mean magnitudes.

Methods

Participants

Ten college students (aged 21-30 years; 4 males) were recruited
from Beijing Normal University, Beijing, China. All participants
were right-handed, and none were professional typists or
musicians. The experimental protocol was approved by the
Institutional Review Board of Beijing Normal University. Written
informed consent was obtained from each participant before the
experiment.

Behavior Training

A classic finger-tapping task [1] was used in the behavioral
motor training. In a finger-tapping training session, the partici-

January 2013 | Volume 8 | Issue 1 | e53555



pants were instructed to perform a tapping movement with the
fingers in a specific order (e.g., from little finger, to index finger, to
ring finger, and to middle finger) as accurately and quickly as
possible in 30 sec with the left hand (i.e., the non-dominant hand).
No visual feedback was provided throughout the session. The
entire session was videotaped, and two observers who were
unaware of the objective of this study independently calculated the
number of correctly completed sequences in the session by
watching the video recordings. The number of correctly complet-
ed sequences was used as an index for motor performance in the
session. Each participant completed forty sessions per day for five
consecutive days, which generated 200 total sessions for each
participant. The participants took a short break between sessions
and a long break between the first and second half of 40 sessions.
There were two tapping sequences (Order one: 4(little), 1(index),
3(ring), and 2 (middle); Order two: 2 3 1 4) in which one order was
the to-be-trained sequence and the other was the untrained
sequence. One-half of the participants were assigned to the first
tapping sequence, and the other half were assigned to the second
sequence. The participants’ performance for both tapping
sequences was examined before and after training, whereas only
one sequence was trained during the training period.

fMRI Experiment

There were two fMRI scan sessions for each participant that
were performed before and after the behavioral training
(Figure 1A). Each fMRI session consisted of (1) a one blocked-
design localizer run and (2) seven slow event-related-design
experimental runs.

In the localizer scan, the participants were instructed to
randomly tap their fingers to localize the M1. In a block, the
instruction, either “left hand” or “right hand,” was displayed on
the screen for 15 sec. The participants performed random finger-
tapping movements with the hand that corresponded to the
mnstruction until the instruction disappeared. The order of the
blocks for the left- and right-hand movements were randomly
mixed and counterbalanced with a 15 sec rest (i.e., no tapping)
between each tapping block. There were four blocks for each hand
movement.

In the experimental scan, the participants were instructed to
perform finger tapping movements using either the trained
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sequence or the untrained sequence with the left hand (i.e., the
trained hand). In a trial, the order of the sequence (e.g., 4, 1, 3, 2)
was presented on the center of the screen for 750 ms followed by
flickering dots at 4 Hz. The participants tapped their fingers in
a sequence based on the instructions for the rhythm of the
flickering dots (i.e., one tap at the presence of one flickering dot).
Because the participants tapped during both the trained and
untrained sequences at identical speeds, the total amount of motor
movements was matched for the two sequences. Therefore, the
differences observed between the performances for the two
sequences during the fMRI scan cannot be accounted for by the
difference in either the speed of tapping or the amount of motor
movements. The trials consisting of the trained and untrained
sequences were randomly mixed. Between each trial, a blank
screen with a fixation point jittered between 16.5 sec and 19.5 sec
to ensure that the hemodynamic activities returned to baseline.
There were nine trials for the trained and untrained sequences in
each run, which generated sixty-three total trials per condition
(i.e., seven total runs).

MRI Acquisition

MRI data were acquired on a Siemens 3T Trio scanner
(MAGENTOM Trio, a Tim system) with a 12-channel phased-
array head coil at the BNU Imaging Center for Brain Research,
Beijing, China. T2*-weighted functional images were acquired
with a gradient-echo, echo-planar imaging (EPI) sequence
(TR =1.5 sec, TE =30 ms, FA=90 degrees,
FOV =200%200 mm, matrix =64 x64, number of slices =25,
and voxel size = 3 x3 x4 mm). T1-weighted structure images were
also collected with a magnetization-prepared rapid gradient-echo
(MPRAGE) sequence (TR/TE/TI=2.53 sec/3.45 ms/1.1 sec,
FA =7 degrees, voxel size =1x1x1 mm) for each participant.

fMRI Data Analysis

Functional data were analyzed with the fMRI Expert Analysis
Tool (FEAT) implemented within FMRIB’s Software Library
(FSL) (http://www.fmrib.ox.ac.uk) and in-house MATLAB codes.
Data preprocessing was applied with default options in FEAT,
including head motion correction with a six-parameter affine
transformation implemented in MCFLIRT (Motion Correction
using FMRIB’s Linear Image Registration Tool), brain extraction,
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Figure 1. Experimental procedure and behavioral results. A) Participants were instructed to practice sequential finger-tapping movements for
five consecutive days. Pre- and post-training behavioral tests were conducted to measure the improvement of behavioral performance in finger
tapping. FMRI scans were conducted before and after motor training to examine the learning-induced changes in neural activation. B) Behavioral
performance was measured as the number of correct sequential finger-tapping movements per 30 sec for both the trained and untrained sequences
occurring before and after motor training. The error bars indicate =1 standard error of the mean (S.E.M.).

doi:10.1371/journal.pone.0053555.9001
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spatial smoothing on a Gaussian kernel (5 mm full width at half
maximum) and a high-pass temporal filter (a Gaussian-weighted
running line filtering with a cutoff of 100 sec). Time-series
statistical analyses were conducted using FILM (FMRIB’s
Improved Linear Model) with local autocorrelation corrections.
Each run was modeled separately for each participant.

The localizer runs were modeled by a boxcar convolved with
a gamma hemodynamic response function and its temporal
derivative. Each participant’s motor region specific to left-hand
finger tapping was localized with the contrast of left-hand tapping
versus right-hand tapping; the reverse contrast was used to define
the motor region for right-hand finger tapping.

For the experimental runs, a gamma hemodynamic response
function and its temporal derivative were used to model each slow
event. Each participant’s BOLD response to each sequence was
defined with the contrast of the trained sequence versus the
fixation and the contrast of the untrained sequence versus the
fixation respectively. In addition, each participant’s functional data
were registered to his/her high-resolution structure images and
then to the standard space images (Montreal Neurological Institute
MNI-152 template) using FLIRT (FMRIB’s Linear Image
Registration Tool) of FSL.

We used M1 as an ROI for further ROI-based analyses because
it is the most studied region in motor-sequence training [1,32] and
because it provides fine-tuned representations for finger move-
ments [33,34,35]. Specifically, M1 in the right hemisphere
(corresponding to the left hand) was defined by intersecting the
functional activation (p<<10~'% uncorrected) in the localizer run
and the anatomic MI label derived from maximum probabilistic
maps (thresholded at 25%) of the Juelich Histological Atlas [36]
implemented in FSL. In an identical manner, M1 in the left
hemisphere served as a control region but with the contrast of the
tapping movement of the right hand versus that of the left hand.

To calculate the learning-induced changes in the activation
patterns for the trained sequence, MVPA was performed on the
beta value across voxels in M1. First, all experimental runs were
divided into even and odd runs, and the beta value of each voxel
was averaged across the even and odd runs for each tapping
sequence. Second, the correlations between the activation pattern
based on the averaged beta values in the even and odd runs were
calculated. Specifically, the within-sequence correlation was
calculated between the even and odd runs for the trained
sequence, whereas the between-sequence correlation was calcu-
lated in an identical manner but between the trained and
untrained sequences. The difference between the within- and
between-sequence correlations indicated the similarity in the
spatial patterns of neural activation between the even and odd
runs that were specific to the trained sequence, or the stability of
the activation pattern for the trained sequence. Finally, the
training effect was measured as the change in stability of the
activation pattern for the trained sequence between the post- and
pre-training scans. In addition, the training effect for the untrained
sequence was calculated in an identical manner.

In addition to the ROI-based analysis, we also performed
a searchlight analysis across the entire brain to examine learning-
induced changes in activation patterns in the brain. In the analysis,
the searchlight was a roving small ROI across the entire brain
volume [37]; the size of the cubic searchlight was 7x7 X7 voxels,
and in turn, every voxel of the brain was the center of the
searchlight. The training effect was calculated in an identical
manner as that in the ROI-based analysis, and a two-tailed ¢-test
between the trained and untrained sequences was calculated to
generate a i-map of the entire brain.
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Finally, we used a traditional univariate method to measure
learning-induced changes based on the mean magnitudes of neural
activation. Initially, the beta values of all voxels within an ROI
were extracted for each condition, run, and participant. Sub-
sequently, the beta values were averaged across voxels and runs for
each condition and participant. Finally, the training effect was
calculated as the difference between the mean magnitude in the
post-training scan and that in the pre-training scan.

Results

Training Improves Behavioral Performance on Finger
Tapping

Before training, the mean speed of correct finger tapping was
21.2 and 21.7 times per 30 sec for the to-be-trained and untrained
sequences, respectively. After training for five consecutive days, the
speed of the trained sequence was 38.0 times per 30 sec, whereas
the speed of the untrained sequence remained unchanged (22.0
times per 30 sec) (Figure 1B). A two-way ANOVA of tapping
sequence (trained versus untrained) by training (pre- versus post-
training) showed a significant main effect of training (F(1,
9)=90.5, p<0.001) and a significant main effect of tapping
sequence (F(1, 9)=70.1, p<<0.001). Importantly, the two-way
interaction of tapping sequence by training was significant (I(1,
9)=39.7, p<<0.001), which indicated that the improved behavioral
performance was specific to the trained sequence. Post hoc t-tests
confirmed this observation, with the performance on the trained
sequence being significantly higher after training than before
training (¢(9) = 8.7, p<<0.001, Cohen’s d = 3.30) and no significant
change for the untrained sequence (t(9) <1, Cohen’s d =0.09). An
ANOVA on accuracy revealed a similar pattern, with a significant
two-way interaction of tapping sequence by training (F(1,
9)=20.6, p=0.001). Post hoc t-tests further revealed that there
was no significant difference in accuracy between two sequences
before the training (t(9) <1, Cohen’s d=—0.21), whereas the
accuracy for tapping the trained sequence was significantly higher
than that for the untrained after the training (t(9)=7.0, p<<0.001,
Cohen’s d=2.54). Next, we investigated the neural mechanisms
underlying the learning-induced behavioral changes.

Motor Training Improves the Stability of Activation
Patterns in M1

The primary motor cortex (M) involved in finger tapping
movements was defined as the intersection between the functional
activation induced by random finger-tapping movements of the
trained hand (i.e., the left hand) in the localizer scan and the
anatomic M1 label in the Juelich Histological Atlas (the MNI
coordinates of the peak voxel in the right M1: x= 36, y=—30,
z=62) (Figure 2A).

To examine the learning-induced changes in M1, we calculated
the similarity of activation patterns between the even and odd runs
for the trained sequence, which indicates the stability of activation
patterns (see Methods). The training effect was thus defined as
changes in the stability of activation patterns between the post-
and pre-training scans. We observed that in the right M1, which
corresponds to the trained hand, motor training significantly
increased the stability of the activation pattern induced by the
trained sequence (t(9)=3.3, p=0.01, Cohen’s d=1.05) and not
the untrained sequence (t(9) <1, Cohen’s d= —0.01) (Figure 2B).
Notably, the learning-induced change in the stability of the
activation patterns for the trained sequence was significantly larger
than that for the untrained sequence (t(9)=2.7, p =0.02, Cohen’s
d=0.86).
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Figure 2. ROI-based Analyses. A) The right primary motor area (M1) that corresponds to the trained left hand from a typical participant (MNI
coordinates: x=40, y = — 14, z=46; t value=18.3). M1 was defined as the intersection between the functional activation in the localizer scan and the
anatomic M1 label in the Juelich Histological Atlas. B) Learning-induced changes in the stability of activation patterns in the M1 for both trained and
untrained sequences. C) Learning-induced changes in the mean magnitudes of neural activation for both the trained and untrained sequences. The

error bars indicate £1 S.E.M. An asterisk indicates p<<0.05.
doi:10.1371/journal.pone.0053555.9002

By contrast, in the left M1, which corresponds to the untrained
hand (MNI coordinates of the peak voxel in the left M1: x = —42,
y=—20, z=56), we did not observe learning-induced changes in
the stability of the activation patterns for either the trained (t(9)
<1, Cohen’s d=—0.05) or untrained sequences (t(9)=1.0,
p=0.33, Cohen’s d=0.36). Morecover, there was no significant
difference in the training effect between the trained and untrained
sequences (t (9) <1, Cohen’s d=—0.22).

To further examine whether the learning-induced change in the
stability of activation patterns was specific to the right M1, we
performed a searchlight analysis across the entire brain. The
searchlight analysis revealed a cluster of voxels in the right M1
showing that the increase in the stability of the activation pattern
was specific to the trained sequence after training (p<<0.01;
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uncorrected) (MNI coordinates of the peak voxel in the cluster:
x=52, y=—18, z=158) (Figure 3). Not surprisingly, the cluster
identified by the searchlight analysis was partially overlapped with
M1 that was used in the ROI-based analysis (percentage of
overlap: 39%; the distance between the peak voxel in the cluster
and that in M1:1.33 cm; Figure 3). No other continuous cluster
(cluster size >20 voxels) was observed in other cortical regions of
the brain. Of note, with a smaller size (5x5x5 voxels) and the
sphere-shape searchlight, we observed the similar result.

Finally, we examined whether the behavioral motor training
changed the mean magnitude of neural activation in M1. The
training effect was defined as changes in the mean magnitude
between the post- and pre-training scans. No learning-induced
changes in the mean magnitude were observed for either the
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Figure 3. Searchlight Analyses. A cluster of voxels in the right M1 show the increased stability of the activation pattern for the trained sequence
(MNI coordinates: x=52; y=—18; z=58; t value =4.76). The inset figure shows the overlap between the cluster identified by the searchlight analysis

and the M1 identified in the localizer scan (outlined in cyan).
doi:10.1371/journal.pone.0053555.g003

trained (t(9) <1, Cohen’s d=0.04) or untrained sequences (t(9)
<1, Cohen’s d=—0.30) (Figure 2C). Moreover, there was no
significant difference in the training effect between the trained and
untrained sequences (t(9)= 1.9, p=0.09, Cohen’s d =0.62).

Discussion

In this study, we used fMRI to investigate whether motor
training shaped the stability of activation patterns in the primary
motor cortex. Behaviorally, we showed that the performance on
sequential finger tapping movements was significantly improved
after the training, and the training effect was specific to the trained
sequence. Neurally, both ROI-based MVPA and the searchlight
analysis revealed that the stability of activation patterns, or the
similarity of the activation patterns between the even and odd
runs, significantly increased for the trained sequence but not for
the untrained sequence. In addition, the learning-induced change
was only observed in M1 that corresponded to the trained hand
but not the untrained hand. By contrast, we did not observe
significant changes in the mean magnitudes of neural activation in
M1 after motor training. In short, our study provides direct
evidence showing learning-induced changes in activation patterns,
even without detectable changes in the mean magnitudes of neural
activation.

The finding that motor training shaped activation patterns in
M1 extends previous studies based on mean magnitudes of neural
activation in motor training tasks. In these studies, both the
increased [1,5,38,39] and decreased neural activations [1,32] in
M1 were reported because of motor training. Two stages of
learning processes have thus been proposed to address these
apparently inconsistent findings [32,40]; see also [41]. At the early
stage of training, which can be as brief as a few minutes, the mean
magnitude of neural activation in M1 is typically decreased. By
contrast, when the duration of motor training is extended to
several weeks, the mean magnitude of neural activation in M1 is
often increased. The duration of motor training in our study (five
days) was between the early and late stages; therefore, it is not
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surprising that we did not observe changes in the mean
magnitudes of neural activation in M1. Importantly, our study
may provide insight on how motor training shapes M1 between
the early and later stages. During this period, motor training may
increase the stability of neural representation in the M1 for the
trained motor behavior, without showing an evident change in the
mean magnitudes of neural activation at the regional (or
population) level. The increased pattern stability may lead to
better retrieval of motor memory. As a result, the behavioral
consistency in tapping, such as trial-by-trial variability in response
time, may be improved [42].

Previous studies have shown that the greater stability of
activation patterns is associated with conscious (versus uncon-
scious) experiences [43], better memory retrieval [44] and better
behavioral performance in face recognition [45]. This close link
between pattern stability and behavioral performance suggests that
greater pattern stability may serve as a neural marker for a more
refined and efficient representation that leads to better behavioral
performance. Therefore, the increased pattern stability after
training in our study provides a new insight on the underlying
mechanism for learning-induced changes in the brain (see also
[46]). That is, neural representations for trained stimuli can be
established and refined through modulation on pattern stability by
training. Importantly, previous studies have shown that neural
representations differ in sparseness that stimuli can be represented
either by response magnitude of a small number of sharply-tuned
neurons (sparse coding) [47,48,49] or by concerted activity pattern
distributed across a large population of broadly-tuned neurons
(population coding) [50]. Accordingly, more stable and refined
representations after training might be manifested either as less
variability in local neuronal response amplitude or regional
average response amplitude [42,51] or as more similar spatial
activation patterns across multiple voxels [46]. Therefore,
homogenous and independent changes of neuronal tunings many
lead to increased stability of mean response amplitude; in contrast,
heterogeneous and interrelated changes of neuronal tunings may
result in increased stability of activation patterns. Because
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representations in the motor cortex are largely in population
coding [52,53], it 1s not surprising that we observed the increased
stability of activation patterns after motor training.

Future fMRI studies with a higher spatial resolution and more

scan sessions at multiple time intervals during training may help to
illustrate how learning shapes the brain by changing both the
mean magnitudes and spatial patterns of neural activation.

References

1.

23.

24.

26.

Karni A, Meyer G, Jezzard P, Adams MM, Turner R, et al. (1995) Functional
MRI evidence for adult motor cortex plasticity during motor skill learning.
Nature 377: 155-158.

. Kourtzi Z, Betts LR, Sarkheil P, Welchman AE (2005) Distributed neural

plasticity for shape learning in the human visual cortex. PLoS Biol 3: ¢204.
Sigman M, Pan H, Yang Y, Stern E, Silbersweig D, et al. (2005) Top-down
reorganization of activity in the visual pathway after learning a shape
identification task. Neuron 46: 823-835.

Song Y, Hu S, Li X, Li W, Liu J (2010) The role of top-down task context in
learning to perceive objects. J Neurosci 30: 9869-9876.

. Xiong JH, Ma LS, Wang BQ, Narayana S, Duff EP, ct al. (2009) Long-term

motor training induced changes in regional cerebral blood flow in both task and
resting states. Neuroimage 45: 75-82.

. Yotsumoto Y, Watanabe T, Sasaki Y (2008) Different dynamics of performance

and brain activation in the time course of perceptual learning. Neuron 57: 827
833.

Song Y, Tian M, Liu J (2012) Top-down processing of symbolic meanings
modulates the visual word form area. J Neurosci 32: 12277-12283.

. Toni I, Krams M, Turner R, Passingham RE (1998) The time course of changes

during motor sequence learning: a whole-brain fMRI study. Neuroimage 8: 50—
61.

. Buchel C, Coull JT, Friston KJ (1999) The predictive value of changes in

effective connectivity for human learning. Science 283: 1538-1541.

. Landau SM, Schumacher EH, Garavan H, Druzgal T], D’Esposito M (2004) A

functional MRI study of the influence of practice on component processes of
working memory. Neuroimage 22: 211-221.

. Mukai I, Kim D, Fukunaga M, Japee S, Marrett S, et al. (2007) Activations in

visual and attention-related areas predict and correlate with the degree of
perceptual learning. J Neurosci 27: 11401-11411.

. Op de Beeck HP, Baker CI, DiCarlo JJ, Kanwisher NG (2006) Discrimination

training alters object representations in human extrastriate cortex. J Neurosci 26:
13025-13036.

. de Beeck HP, Baker CI (2010) The neural basis of visual object learning. Trends

Cogn Sci 14: 22-30.

. Logothetis NK, Pauls J (1995) Psychophysical and physiological evidence for

viewer-centered object representations in the primate. Cereb Cortex 5: 270-288.

. Logothetis NK, Pauls J, Poggio T (1995) Shape representation in the inferior

temporal cortex of monkeys. Curr Biol 5: 552-563.

Sheinberg DL, Logothetis NK (2002) Perceptual learning and the development
of complex visual representations in temporal cortical neurons. In: Fahle M,
Poggio T, editors. Perceptual Learning. Cambridge, MA: MIT Press. 95-124.

. Raiguel S, Vogels R, Mysore SG, Orban GA (2006) Learning to see the

difference specifically alters the most informative V4 neurons. J Neurosci 26:
6589-6602.

Schoups A, Vogels R, Qian N, Orban G (2001) Practising orientation
identification improves orientation coding in V1 neurons. Nature 412: 549-553.

. Ghose GM, Yang T, Maunsell JH (2002) Physiological correlates of perceptual

learning in monkey V1 and V2. J Neurophysiol 87: 1867-1888.

. Baker CI, Behrmann M, Olson CR (2002) Impact of learning on representation

of parts and wholes in monkey inferotemporal cortex. Nature Neuroscience 5:

1210-1216.

. Op de Beeck HP, Wagemans J, Vogels R (2007) Effects of perceptual learning in

visual backward masking on the responses of macaque inferior temporal
neurons. Neuroscience 145: 775-789.

. Miyashita Y, Date A, Okuno H (1993) Configurational encoding of complex

visual forms by single neurons of monkey temporal cortex. Neuropsychologia 31:
1119-1131.

Peissig ]J, Singer J, Kawasaki K, Sheinberg DL (2007) Effects of long-term object
familiarity on event-related potentials in the monkey. Cereb Cortex 17: 1323~
1334.

Sakai K, Miyashita Y (1994) Neuronal tuning to learned complex forms in
vision. Neuroreport 5: 829-832.

. Op de Beeck HP, Deutsch JA, Vanduffel W, Kanwisher NG, DiCarlo JJ (2008)

A stable topography of selectivity for unfamiliar shape classes in monkey inferior
temporal cortex. Cereb Cortex 18: 1676-1694.

Kriegeskorte N, Mur M, Bandettini P (2008) Representational similarity analysis
- connecting the branches of systems neuroscience. Front Syst Neurosci 2: 4.

PLOS ONE | www.plosone.org

Stability of Activation Patterns

Acknowledgments

We thank lab members in Liu Lab for comments and suggestions.

Author Contributions

Conceived and designed the experiments: QZ JL. Performed the
experiments: YH ZZ SW. Analyzed the data: YH ZZ JL. Contributed
reagents/materials/analysis tools: ZZ YH. Wrote the paper: YH YS JL.

27. Gillebert CR, Op de Beeck HP, Panis S, Wagemans J (2009) Subordinate
categorization enhances the neural selectivity in human object-selective cortex
for fine shape differences. J Cogn Neurosci 21: 1054-1064.

28. Jiang X, Bradley E, Rini RA, Zeffiro T, Vanmeter J, et al. (2007) Categorization
training results in shape- and category-selective human neural plasticity. Neuron
53: 891-903.

29. Li S, Mayhew SD, Kourtzi Z (2012) Learning shapes spatiotemporal brain
patterns for flexible categorical decisions. Cereb Cortex 22: 2322-2335.

30. Zhang ], Meeson A, Welchman AE, Kourtzi Z (2010) Learning alters the tuning
of functional magnetic resonance imaging patterns for visual forms. J Neurosci
30: 14127-14133.

31. Swisher JD, Gatenby JC, Gore JC, Wolfe BA, Moon CH, et al. (2010) Multiscale
pattern analysis of orientation-selective activity in the primary visual cortex.
J Neurosci 30: 325-330.

32. Karni A, Meyer G, Rey-Hipolito C, Jezzard P, Adams MM, et al. (1998) The
acquisition of skilled motor performance: fast and slow experience-driven
changes in primary motor cortex. Proc Natl Acad Sci U S A 95: 861-868.

33. Dechent P, Frahm J (2003) Functional somatotopy of finger representations in
human primary motor cortex. Hum Brain Mapp 18: 272-283.

34. Miller KJ, Zanos S, Fetz EE, den Nijs M, Ojemann JG (2009) Decoupling the
cortical power spectrum reveals real-time representation of individual finger
movements in humans. J Neurosci 29: 3132-3137.

35. Ben Hamed S, Schieber MH, Pouget A (2007) Decoding M1 neurons during
multiple finger movements. J Neurophysiol 98: 327-333.

36. Eickhoff SB, Paus T, Caspers S, Grosbras MH, Evans AC, et al. (2007)
Assignment of functional activations to probabilistic cytoarchitectonic areas
revisited. Neuroimage 36: 511-521.

37. Kriegeskorte N, Goebel R, Bandettini P (2006) Information-based functional
brain mapping. Proc Natl Acad Sci U S A 103: 3863.

38. Hazeltine E, Grafton ST, Ivry R (1997) Attention and stimulus characteristics
determine the locus of motor-sequence encoding. A PET study. Brain 120 (1):
123-140.

39. Jenkins IH, Brooks DJ, Nixon PD, Frackowiak RS, Passingham RE (1994)
Motor sequence learning: a study with positron emission tomography. J Neurosci
14: 3775-3790.

40. Doyon J, Song AW, Karni A, Lalonde F, Adams MM, et al. (2002) Experience-
dependent changes in cerebellar contributions to motor sequence learning. Proc
Natl Acad Sci U S A 99: 1017-1022.

41. Ungerleider LG, Doyon J, Karni A (2002) Imaging brain plasticity during motor
skill learning. Neurobiol Learn Mem 78: 553-564.

42. Dinstein I, Heeger DJ, Lorenzi L, Minshew NJ, Malach R, et al. (2012)
Unreliable evoked responses in autism. Neuron 75: 981-991.

43. Schurger A, Percira F, Treisman A, Cohen JD (2010) Reproducibility
distinguishes conscious from nonconscious neural representations. Science 327:
97-99.

44. Xue G, Dong Q, Chen C, Lu Z, Mumford JA, et al. (2010) Greater neural
pattern similarity across repetitions is associated with better memory. Science
330: 97-101.

45. Zhang J, Li X, Song Y, Liu J (2012) The Fusiform Face Area Is Engaged in
Holistic, Not Parts-Based, Representation of Faces. PLoS One 7: ¢40390.

46. Visser RM, Scholte HS, Kindt M (2011) Associative learning increases trial-by-
trial similarity of BOLD-MRI patterns. J Neurosci 31: 12021-12028.

47. Quian Quiroga R, Kreiman G, Koch C, Fried I (2008) Sparse but not
‘grandmother-cell’coding in the medial temporal lobe. Trends Cogn Sci 12: 87—
91.

48. Olshausen BA, Field DJ (2004) Sparse coding of sensory inputs. Curr Opin
Neurobiol 14: 481-487.

49. Barlow HB (1972) Single units and sensation: a neuron doctrine for perceptual
psychology? Perception 1: 371-394.

50. Pouget A, Dayan P, Zemel R (2000) Information processing with population
codes. Nat Rev Neurosci 1: 125-132.

51. Dinstein I, Pierce K, Eyler L, Solso S, Malach R, et al. (2011) Disrupted neural
synchronization in toddlers with autism. Neuron 70: 1218-1225.

52. Georgopoulos AP, Schwartz AB, Kettner RE (1986) Neuronal population
coding of movement direction. Science 233: 1416-1419.

53. Georgopoulos AP, Kettner RE, Schwartz AB (1988) Primate motor cortex and
free arm movements to visual targets in three-dimensional space. II. Coding of
the direction of movement by a neuronal population. J Neurosci 8: 2928-2937.

January 2013 | Volume 8 | Issue 1 | e53555



