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Early face-selective neural responses are not affected by attention
(Furey et al., 2006)

single-exposure and scrambled-background conditions are ab-
sent in the attention conditions. The face–house differences
started statistically significantly later (at 194 ! 28 ms) in the
attention conditions than in the single-exposure (103 ! 15 ms;
P " 0.0001) and scrambled-background (116 ! 9 ms; P " 0.0001)
conditions. Note that the face–house differences started signif-
icantly earlier for single-exposure pictures than for pictures on
scrambled backgrounds (P " 0.02). The earlier face-selective
response with single-exposure pictures may, therefore, be due to
the different spatial frequency spectra of face and house pic-
tures, which were controlled in the pictures of intact faces or
houses on scrambled backgrounds.

Fig. 3B shows that responses were different when subjects
attended to faces versus houses, but it does not show the
similarities between these responses and the responses to
single-exposure and scrambled-background images. There-
fore, in Fig. 3C, group average responses are replotted to show
all similarities among responses. Multidimensional scaling was
used to project the response to each condition onto a single
dimension defined at each time point by the difference be-
tween responses to single-exposure faces and houses (see
Methods). Note that the plot in Fig. 3C agrees well with the
single-subject data shown in Fig. 3A but does not illustrate the
early nonselective response ("100 ms). Responses during
selective attention to faces and houses were indistinguishable
from each other until 194 ms after stimulus onset, and both

displayed a strong face-selective M170. By contrast, late
responses (#235 ms) during selective attention to faces and
houses differed markedly from each other and were indistin-
guishable from responses to faces and houses, respectively, in
the single-exposure and scrambled-background conditions.
Early responses in the attention conditions, however, were not
identical to the response to faces on a scrambled background,
showing a significant def lection toward the early house re-
sponse peaking at 120 ms (P " 0.005, two-tailed, for both
comparisons of FATTN and HATTN to FSCR), indicating some
early processing of the house that also was not affected by
attention but was then obscured by the slightly later and
stronger, face-selective M170. Analysis of MEG data restricted
to the four subjects in whom we also studied hemodynamic
responses with fMRI showed the same effects that we found
in the full group (see Fig. 4, which is published as supporting
information on the PNAS web site).

Fig. 3D shows the distribution of face–house differences
over the full sensor array. Consistent with the data shown in
Fig. 3 B and C, based on only a small set of sensors in each
subject, no sensors showed any early face–house differences in
the attention conditions (FATTN versus HATTN). The early
face–house differences in the nonattention conditions were
more restricted to bilateral posterior temporal sites, whereas
the late face–house differences were more widely distributed,
including more anterior temporal sites on the right and a dorsal
occipital site.

Fig. 3. MEG results. (A) Example of evoked fields for one subject from a sensor over left posterior temporal cortex. Arrows indicate the peaks for an early
nonselective response (1; 85 ms), an early face-selective response (2; 158–170 ms), and a house-selective response (3; 135–145 ms). (B) Magnitude of the differences
between face and house responses for all three stimulus conditions, averaged across all significant sensors and all subjects. Locations of significant sensors are
shown in Inset. Note that we rectified all differences between face and house responses as Euclidean distances, resulting in nonzero prestimulus baseline
differences. (C) Average responses across all significant sensors in all subjects projected onto a dimension defined by the difference between responses to
single-exposure pictures of faces and houses. The arrow indicates a significant early deviation of the responses during the attention conditions (FATTN and HATTN)
from the responses to faces (F and FSCR) tracking briefly with the early responses to houses (H and HSCR). (D) Distribution of the group average magnitude of
face–house differences in all sensors displayed on the sensor helmet. The face–house differences are shown for the time points of maximal face–house
differences in an early time window (100–180 ms) and a late time window (250–500 ms). Note that the color scales are different for the early and late responses
to optimize illustration of the distribution of response differences.

Furey et al. PNAS ! January 24, 2006 ! vol. 103 ! no. 4 ! 1067
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Results
fMRI results (Fig. 2) identified regions in ventral temporal
cortex with significantly different responses to faces and houses,
in the same locations as shown in previous studies (3–9, 23). In
the face-responsive region in the lateral fusiform gyrus, the
difference between responses to faces and houses on scrambled
backgrounds (FSCR–HSCR) did not differ quantitatively from the
difference between responses when subjects attended to faces
and houses in stimuli that contained intact images of both object
categories (FATTN versus HATTN; P ! 0.1). Similarly, in the
house-responsive regions in medial fusiform and inferior tem-
poral cortex, response differences in the attention conditions did
not differ quantitatively from response differences in the scram-
bled-background conditions (P ! 0.1). In the face-responsive
fusiform region, the response to the unattended face in the
HATTN condition was essentially identical to the response when
a face was not present in the HSCR condition (0.25 " 0.35%
versus 0.25 " 0.27%, mean " SD, for HATTN versus HSCR,
respectively). We also identified face-responsive regions in in-
ferior occipital and superior temporal sulcal cortex (2) and found
no trend toward a greater response in either region in the HATTN
condition as compared with the HSCR condition (P ! 0.1). These
results show that attention strongly suppressed the spatially
defined, category-related hemodynamic responses to the unat-
tended faces and houses. Table 1, which is published as sup-

porting information on the PNAS web site, shows the magni-
tudes of the fMRI responses during each of the experimental
conditions.

Fig. 3A shows an example of the averaged MEG responses from
one sensor for a single subject. Sensors that showed responses with
similar features were found in all eight subjects. To summarize the
data across subjects, we identified sensors in each subject that
showed significant differences between responses to faces and
houses for all stimulus conditions (see Methods for selection criteria
and Fig. 3B Inset for the locations of these sensors). The strongest
responses to faces were observed at 142 " 18 ms (mean " SD) for
single-exposure faces and at 141 " 19 ms for faces on scrambled
houses. These responses correspond to the M170. The strongest
responses to houses peaked 20–33 ms earlier (109 " 14 ms for
single-exposure houses, P # 0.02; 121 " 22 ms for houses on
scrambled faces, P $ 0.12).

Fig. 3B shows the time courses, averaged across subjects, for
the differences between face and house responses in each
stimulus condition. Note that the large, early differences be-
tween responses to faces and houses that are seen in the

Fig. 1. Stimuli used during fMRI and MEG tasks. Three types of meaningful
images were used: (i) single-exposure pictures of faces (F) and houses (H).
Pictures with different views of the same person or house were used. (ii)
Pictures of intact faces or houses superimposed on phase-scrambled images of
exemplars from the other category (FSCR and HSCR). (iii) Double-exposure
pictures of superimposed faces and houses. Subjects were cued to attend to
either the faces (FATTN) or the houses (HATTN) at the beginning of a block of
items.

Fig. 2. fMRI results averaged across subjects (n $ 4). (A) Ventral temporal
regions with larger responses to faces relative to houses are shown in red to
yellow (lateral fusiform cortex), and regions with larger responses to houses
relative to faces are shown in blue (medial fusiform cortex and occipitotem-
poral sulcus). (B) Average time series from the face-selective region (Upper)
and from the house-selective region (Lower). Light gray bars highlight time
points for the face conditions, and dark gray bars highlight time points for the
house conditions.

1066 ! www.pnas.org"cgi"doi"10.1073"pnas.0510124103 Furey et al.

Selective attention to
faces (FATTN) or houses (HATTN)
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of the trial and then remained constant until the observer made a
button-press response to indicate the figure’s location.

InExperiment 1, the test imageswere 10upright faces and their
inversions. Each test image subtended 2.11 ! 2.61 visual angle
and was presented in a random position either to the left or to the
right of fixation. The horizontal distance between the center of the
test image and fixation ranged from 1.91 to 3.91, and the vertical
center of the test image was anywhere between 2.91 above and
2.91 below fixation. At the very beginning of each trial, observers

perceived the noise patch andwere unawarewhich side contained
the test image. To measure the time it took for the test image to
overcome the suppression noise and become dominant, we asked

observers to press the left or the right arrow key on a standard
keyboard to indicate the side of fixation on which the test image

appeared. They were told that they should respond to the ap-
pearance of any part of the test image as soon as possible and that

they did not need to know the specific content of the image.
Experiment 2 was the same as Experiment 1 except that the

test images were 40 Chinese characters and 40 Hebrew words

(all nouns, semantically matched between Chinese and He-
brew). Because the Hebrew words had much wider horizontal

extension than the Chinese characters, each stimulus was pre-
sented either directly above or directly below fixation. The

vertical distance between the centers of the words or characters
and fixation was fixed at 1.21. In this experiment, the observers
made ‘‘up’’ and ‘‘down,’’ instead of ‘‘left’’ and ‘‘right,’’ responses.

Each subject in Experiment 1 viewed a total of 120 trials, 60
with upright faces and 60 with inverted faces. Experiment 2

contained 160 trials, 80 with Chinese characters and 80 with
Hebrew words. The stimuli were presented in a randomized

sequence. Response times (RTs) were calculated based on
correct trials only, but very few trials were excluded because

accuracy was above 99% for each subject. To reject data out-
liers, we also excluded trials in which the RTwas longer than 10

s (this value was more than 3 standard deviations away from the
sample mean). We reasoned that if the test image did not over-
come the suppression noise and become dominant within 10 s,

then the obtained RT would be likely to reflect some unknown
and uncontrolled factors. Overall, fewer than 1% of the trials

were excluded from analyses.
To test whether the results obtained in the experimental (ri-

valry) condition could be explained simply by different recog-

nition speeds or different detection criteria corresponding to the
different types of stimuli (upright vs. inverted faces, characters

vs. words), we also ran control conditions in which the same test
stimuli were blended into the dynamic noise pattern and their

contrast was ramped up gradually. Figure 1b shows the paradigm
for this condition. Observers viewed the stimuli binocularly
(nonrivalry), rather than dichoptically. Their task was exactly

the same as in the corresponding experimental condition. Their
perceptual experience in this control condition also mimicked

the rivalry situation, in which the faces or the words overcame
suppression.

The control and experimental conditions were run in separate
blocks. Because observers could detect the targets before the
test stimuli reached full contrast in the nonrivalry condition, the

time course of contrast ramping was modified so that detection
time would be in the same range as the suppression time in the

experimental condition. The main control conditions were per-
formed with the contrast ramped up at a rate of 10% increment

Fig. 1. Schematic representation of the experimental paradigm. In the experimental condition (a), a test figure (e.g., an upright face, as shown) was
gradually introduced to one eye to compete with a dynamic noise pattern presented to the other eye. The contrast of the test figure was linearly
ramped up from 0 to 100% within a period of 1 s starting from the beginning of the trial, and then remained constant until the observer made a
response to indicate the side on which the test figure appeared. In the control condition (b), a test image was presented directly on the noise
background with contrast that increased gradually (at a slower rate than in the experimental condition). Subjects viewed the stimulus binocularly and
responded to the appearance of the test image as soon as possible.
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per second, but we also ran the control conditions at larger and
smaller contrast increments. Results from different ramping

rates were consistent with each other.

RESULTS

We studied the effects of face orientation (upright vs. inverted)
and language expertise (Chinese characters vs. Hebrew words
for Chinese and Hebrew speakers) on the ability of stimuli to

break from noise suppression and become dominant.

Experiment 1: Upright Faces Versus Inverted Faces
In Experiment 1, we tested upright faces and their inverted
versions, and we found a significant face-inversion effect: An

upright face took less time than an upside-down face to gain
dominance against the identical suppression noise (1.36 s vs.

1.76 s), t(9)5 5.53, p< .0005, prep> .99, d5 0.92 (see Fig. 2).
This result implies that the suppressed face images were pro-

cessed to the level where an upright face and upside-down face
could be distinguished (i.e., face representation was achieved).
One might argue that the difference between upright and in-

verted faces could have been due to disparate recognition
speeds for the two distinct types of test figures as they emerged

from noise. In other words, against a noise background, an up-
right face might be detected more easily than an inverted face,
and this difference might have been responsible for the current

result. The control condition, in which the same upright and
inverted faces were blended into the dynamic noise pattern and

their contrast was ramped up gradually, was designed to test this

possibility. Observers’ perceptual experience in this control
condition mimicked their perceptual experience in the rivalry

situation, in which the faces overcame suppression.
Results from the control condition showed that there was no

significant difference in RT between upright faces and inverted

faces (1.78 s vs. 1.82 s), t(4) 5 2.03, p > .1 (see Fig. 2). There
was a significant interaction between face orientation (upright

vs. inverted) and test condition (experimental vs. control), F(1,
13) 5 11.47, p < .005, prep 5 .97, Z 2

p 5 .47. This pattern of

results indicates that the advantage of familiar (upright) faces
was specific to the interocular competition, and was not a gen-
eral advantage in detecting upright faces.

Experiment 2: Chinese Characters Versus Hebrew Words
Faces, especially upright faces, convey rich information that is

important for social interactions. Humans are experts at pro-
cessing facial information, and it is likely that a significant

component of human expertise in recognizing faces results from
adaptive pressure over the long history of evolution. For this
reason, face processing may be privileged, and results of the first

experiment may or may not generalize to other categories of
objects. In Experiment 2, we explored whether learned familiar

visual forms (i.e., words for which people have acquired ex-
pertise) also enjoy an advantage in achieving dominance. Two
types of test stimuli (Chinese characters and Hebrew words)

were dichoptically presented with the dynamic noise to three
groups of observers (Chinese, Hebrew, and English speakers). If

the result we observed in Experiment 1 was not due solely to

Fig. 2. Suppression and detection times for upright and inverted faces in Experiment 1.
The left side of the figure shows the suppression times for 10 individual observers, as well as
the averaged suppression times. The two bars on the right show the detection times in the
control condition, in which the face images were presented binocularly on the noise
background. Asterisks indicate a significant difference between upright and inverted faces,
nnp < .001, prep > .985.

352 Volume 18—Number 4

Processing of Faces and Words Under Interocular Suppression

Upright faces break 
through interocular 
suppression faster than 
inverted faces
(Jiang, Costello, He, 2007)
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Faces in full view break 
through interocular 
suppression faster than 
faces in profile
(Gobbini et al., Consc Cogn, 
2013)

…and personally familiar 
faces break through 
faster than faces of 
strangers
(Gobbini et al. PLoS One, 2013)
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Distributed neural system for face perception in 
humans and monkeys

Inferior	Occipital	Gyrus	(OFA)	

Superior	Temporal	Sulcus	

Lateral	Fusiform	Gyrus	(FFA)	
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Haxby et al. 2000; Gobbini & Haxby, 2007; Haxby & Gobbini, 2011

cortex) and TE (a cytoarchitectonic area in anterior IT cortex).
These patches were organized into 1 posterior patch on the
lateral surface of TEO (which we will refer to as PL, for posterior
lateral), 2 middle face patches in posterior TE, 1 located in the
fundus of the STS (MF, for middle fundus) and 1 on the lower
lip of the STS (ML, for middle lateral), and 3 patches in anterior
TE, 1 located near the fundus of the STS (AF, for anterior
fundus), 1 on the lower lip of the STS and adjacent gyrus, in
anterior dorsal TE (AL, for anterior lateral), and 1 more
medially on the ventral surface, just lateral and anterior to the
AMTS, in anterior ventral TE (AM, for anterior medial).

The set of face patches for monkey M1 (Fig. 1A and Fig. S2a)
represents the prototypical pattern. Face patches of 8 additional
animals (Figs. S1 b–i and 2 b–i) confirmed this pattern. Individ-
ual animals and hemispheres exhibited slight variations from this
pattern. We observed 4 specific types of variation: (i) In 4 of 18
hemispheres, PL and ML were confluent (right hemispheres of
M2, M4, and M6; left hemisphere of M5). (ii) In 3 hemispheres,
ML and MF were confluent (left hemispheres of M5, M8, and

M9). (iii) In several animals, ‘‘extra’’ spots of face-selective
activation beyond the prototypical 6 patches were observed;
these were usually small and unilateral (e.g., left hemisphere of
M2, just posterior to AL; right hemisphere of M3, just posterior
to ML; right hemisphere of M9, posterior to MF in the fundus
of the STS). In 1 case, we observed a sizeable, bilateral pair of
face patches at an unexpected location (M7, posterior to PL, in
both hemispheres). (iv) Finally, in 2 hemispheres, 1 or more of
the 6 patches were absent (AM and AF in the right hemisphere
of M7; PL in the right hemisphere of M9). Overall, despite these
variations, the robustness of the 6-patch pattern across the 9
animals is striking.

In cases where 2 patches were confluent (always either PL and
ML, or ML and MF), we could also, in theory, have concluded
that 1 of the patches was missing. However, the size of agglom-
erate patches suggests that they do indeed represent confluent
subcomponents. For example, in monkey M6, PL was confluent
with ML in the right hemisphere but discrete from ML in the left
hemisphere (Fig. S1f). The size and location of the PL–ML
agglomerate in the right hemisphere were similar to that of PL
and ML combined in the left hemisphere.

All of the patches shown in Fig. 1 and Figs. S1 and S2 were
robust and reproducible across independent scan sessions (Fig.
S3). Thresholds were chosen to allow all robust patches to be
revealed, and the number of patches was not dependent on the

Fig. 1. Face-selective regions in 2 macaques, superimposed on flattened
cortical surfaces (A and B) and a lateral view of the inflated hemispheres (C).
Computational flattening involves distorting the spatial arrangement of the
data and underestimates the size of the sulci (shown in dark gray). Color scale
bars indicate the negative common logarithm of the probability of error. PL,
posterior face patch; MF, middle face patch in the STS fundus; ML, middle face
patch on the STS lip; AF, anterior face patch in the STS fundus; AL, anterior face
patch on the STS lip; AM, anterior face patch on the ventral surface of IT just
lateral and anterior to the AMTS; ls, lunate sulcus; ios, inferior occipital sulcus;
ots, occipitotemporal sulcus; sts, superior temporal sulcus; ips, intraparietal
sulcus; sf, Sylvan fissure.

Fig. 2. Face-selective regions in the left and right temporal lobes of 2
humans, superimposed on flattened cortical surfaces (A and B) and a ventral
view of the inflated hemispheres (C). OFA, occipital face area; FFA, fusiform
face area; STS-FA, superior temporal sulcus face area; AFP1, anterior face
patch 1; aos, anterior occipital; los, lateral occipital; lots, lateral occipitotem-
poral; ips, intraparietal; its, inferior temporal; sts, superior temporal; pos,
parietooccipital; cas, calcarine; cos, collateral; tos, transoccipital; pcs, precen-
tral; and sf, Sylvan fissure.

Tsao et al. PNAS ! December 9, 2008 ! vol. 105 ! no. 49 ! 19515
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criterion of p < .01 for a comparison of locations across
conditions. In practice, the more liberal criterion iden-
tified the location of a region in the right TPJ that was
activated by the false belief stories that was homologous
to an activation in the left TPJ that met the more
stringent criterion, the location of loci in the APC and
PCC/PC that was activated by the social animations, and
the location of a region in the right frontal operculum
that was activated by biological motion.

RESULTS

Behavioral Results

Participants correctly answered 93.1 ± 10.1% (M ± SD)
of the questions in the false belief story task (95.8 ± 8.1%
for the false belief stories; 94.6 ± 8.5% for the physical
stories; 88.5 ± 12.4% for the unlinked sentences). Partic-
ipants answered 93.1 ± 9.9% of the questions correctly
for the intentional movement animations (94.5 ± 9.8%
for the theory of mind task; 91.6 ± 10.2% for the random
movement).

Neuroimaging Results

False Belief Stories versus Physical Stories

The group analysis for the contrast false belief stories ver-
sus physical stories (Figure 1) showed a stronger response

in the APC bilaterally (maximum Z = 4.49, p < .0001), in
the left precuneus (maximum Z = 3.53, p < .001), in the
left TPJ (maximum Z = 3.52, p < .001), and in the bilater-
al temporal poles (in the right with maximum Z = 3.93,
p< .0001; in the left with a maximum Z= 3.63, p< .001).
At a lower threshold ( p < .01), a stronger response for
false belief stories also was identified in the right TPJ
(maximum Z= 3.03, p= .002, at x= 57, y=!56, z= 26).
Table 1 lists all areas that showed a significant effect for
this contrast.

Animations: Social Interactions versus
Random Movements

The group analysis for the contrast animations depicting
social interactions versus random movements (Figure 1)
showed stronger activity in two loci in the right inferior
temporal and fusiform gyri (maxima: Z= 6.07, p< .0001,
and Z = 5.55, p < .0001) (Figure 1), along nearly the full
length of the STS bilaterally, with maximal value in the
pSTS (right maximum Z = 4.48, p < .0001; left maxi-
mum Z= 4.28, p< .0001), in the frontal operculum bilat-
erally (in the right with a maximum Z = 3.86, p < .0001;
in the left with maximum Z = 3.58, p < .001), and in the
left fusiform gyrus (maximum Z = 6.03, p < .0001). At
a lower threshold, a stronger response for social inter-
actions also was identified in the right APC (maximum
Z = 3.25, p = .0012) and in the right PCC/PC (maximum

Figure 1. (A) Activation in the
left TPJ for the contrast ToM
stories as compared to physical
stories. In the coronal view,
the right side of the brain is
on the left side of each image
(radiological convention). The
color bar indicates Z values.
For display purposes, the
p-value threshold was set
to p < .0025. (B) Areas of
activation for the contrast
social animations as compared
to animations with random
movements. In the coronal
view, the right side of the brain
is on the left side of each image
(radiological convention).
For display purposes, the
p-value threshold was set
to p < .0025. (C) Areas of
activation for the contrast
point-light displays of
biological motion as compared
to point-light displays moving
randomly. In the coronal view,
the right side of the brain is
on the left side of each image
(radiological convention).
For display purposes, the
p-value threshold was set
to p < .0025.

1806 Journal of Cognitive Neuroscience Volume 19, Number 11

Extensive activation of 
perceptual and social brain 
systems by social animations 
(Gobbini et al., 2007)	



Fusiform activations 
without faces or bodies 
(Gobbini et al. 2007) 
(see also Schultz et al. 2003)

Social animations

Biological motion
(point-light displays)



23	

producing non-goal-directed actions. Movies were selected from
a variety of online sources and edited into 3-s segments. We selected
28 unique movies per condition. The machine types, backgrounds, and
type of motion varied among stimuli, and we attempted to distribute
these variations in perceptual features equally across conditions. We
also performed a frame-by-frame analysis of luminance and motion for
each movie. A 2-way analysis of variance (ANOVA) revealed no main
effect of humanness (F1,108 = 0.053, P = 0.82 and F1,108 = 0.90, P = 0.35,
respectively), no main effect of goal-directedness (F1,108 = 0.007, P =
0.94 and F1,108 = 0.004, P = 0.95), and no interaction between
humanness and goal-directedness (F1,108 = 0.436, P = 0.51 and F1,108 =
0.46, P = 0.50) on either luminance or motion.
To assess the validity of our classification of movies as human-like or

non-human-like and goal-directed or non-goal-directed, participants
rated the movies along the 2 dimensions of interest (humanness and
goal-directedness) after completing the fMRI protocol. Participants
were given the following verbal instructions: ‘‘You will be shown the
movies of machines that you saw in the scanner. The movies will be
presented one at a time. After a movie is shown, you will be asked 2
questions about it. The first question is ‘‘how human-like was the action
performed by the machine?’’ Some of the machines may have seemed
more human-like because they moved in a way that a human can move
(e.g., machines that had an ‘‘arm-like’’ structure), whereas other
machines may have seemed non-human-like because they moved in
a way that would be impossible for a human to move. A bar will appear
on the screen with one end labeled ‘‘most human-like imaginable’’ and
the other end labeled ‘‘least human-like imaginable.’’ Make your rating
by clicking anywhere along the bar. The second question is ‘‘was this
action goal-directed?’’ By goal-directed we mean an action that has an
immediate effect on the surrounding environment, such as moving an
object or cutting an object. A non-goal-directed action would be when
something moves through space without actually doing anything. You
can respond to this question by clicking yes or no.’’
Movie ratings were analyzed from 24 of the 25 subjects (one subject’s

ratings were accidently overwritten). The ratings confirmed our classifi-
cation of the movies into the 4 conditions of interest (human-like goal-
directed actions, human-like non-goal-directed actions, non-human-like

goal-directed actions, non-human-like non-goal-directed actions). Movies
classified as human-like were rated as being significantly more human-like
than movies classified as non-human-like (t23 = 14.98, P < 0.001). In
addition, movies classified as goal-directed were rated significantly higher
in goal-directedness compared with movies classified as non-goal-directed
(t23 = 19.97, P < 0.001).

Task and Procedure

Main Experiment
The 112 movies (28 movies per condition) were presented over the
course of 4 runs. Each movie lasted 3 s and the presentation of
successive movies was separated by a randomly chosen 3-, 5-, or 7-s rest
period. Movies were presented in pseudorandom order such that 7
movies per condition were played in each run. On 3 randomly selected
trials per run, a movie repeated on the immediately following trial (one-
back task) and participants were instructed to respond with a button
press to the repeated movie. All participants responded correctly on at
least 8 of the 12 repeated trials. The repeated trials were excluded from
subsequent analyses.

Localizer Tasks
In addition to the main experiment, participants completed 2 localizer
tasks to independently identify our a priori functional regions of
interest, the FFA, and the pSTS. A face-scene localizer task was used to
identify face-sensitive regions of the ventral occipitotemporal cortex
(VOTC) including the FFA. A biological motion localizer task was used
to localize regions of lateral occipitotemporal cortex (LOTC) including
the pSTS activated by biological motion.
The face-scene localizer was presented to 17 of the 25 subjects. In

the face-scene task, subjects were presented with a block of 10 black
and white faces (1 per 1.6 s for 16 s), followed by a 12 s fixation rest
block, and then by a block of 10 black and white scene trials (1 per 1.6 s
for 16 s). This block pattern repeated 6 times (using different faces and
different scenes) in a single run.

Figure 1. Example still frames from the 4 experimental conditions. (A) Human-like goal-directed actions: An arm-like machine picks up an object and moves it to another location.
(B) Human-like non-goal-directed actions: An arm-like machine moves through space without completing a goal. (C) Non-human-like goal-directed actions: A metal beam
descends in a rigid linear manner and cuts a piece of metal. (D) Non-human-like non-goal-directed actions: The machine rotates and pumps without completing a goal. Images
courtesy of Science Channel/DCL.
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results in the fusing of discrete peaks of activation into a large
cluster with multiple peaks. To identify the peaks within these
large clusters, we applied a more conservative voxel-based
threshold to these clusters (see Fig. 4, panel B). Two ROIs were
defined within the right STS: a cluster within the posterior
continuation and ascending limb of the STS and a cluster
anterior to the crux of the ascending limb and posterior
continuation of the STS (see Fig. 4, panel B for locations of ROIs).

In the face > scene contrast, the right FFA was clearly evident
using a conservative whole-brain GRF voxelwise correction for
multiple comparisons (P < 0.05, corrected). However, when
applying the more liberal 2-stage FSL cluster correction, this FFA

activation was too small to pass threshold. Because the right FFA
identified in the whole-brain voxelwise correction consisted of
only a few voxels, we enlarged the ROI prior to its application in
our main experiment by including all immediately contiguous
voxels where face > scene with z > 2.57 (P < 0.01, uncorrected)
(see Fig. 4).

ROI Analyses of pSTS

To address our primary question of whether the right pSTS and
right FFA would be activated when either human-like
perceptual cues or goal-directedness are present, we examined
the time course of the fMRI signal averaged for each voxel
within our ROIs for each condition. The repeated measures
ANOVA conducted on peak percent signal change in the
cluster anterior to the crux of the STS revealed a significant
main effect of humanness (F1,24 = 12.08, P < 0.01), indicating
that this region was more active in response to human-like
compared with non-human-like motion. No significant main
effect of goal-directedness or interaction between humanness
and goal-directedness were found (F1,24 = 0.283, P = 0.6 and
F1,24 = 0.012, = 0.91, respectively) (see Fig. 5).

The repeated measures ANOVA conducted on peak percent
signal change in the pSTS cluster revealed a significant main
effect of humanness (F1,24 = 17.74, P < 0.001), a significant main
effect of goal-directedness (F1,24 = 7.71, P < 0.01), and
a significant interaction between humanness and goal-directed-
ness (F1,24 = 4.11, P = 0.054). Simple main effect analyses
revealed that the pSTS responded more strongly to non-human
goal-directed action compared to non-human non-goal directed
actions (F1,48 = 16.35, P < 0.001). There was no difference in
pSTS response to human-like goal-directed compared with
human-like non-goal-directed actions (F1,48 = 0.62, P = 0.43)
(see Fig. 5).

ROI Analyses of FFA

The repeated measures ANOVA conducted on peak percent
signal change in the right FFA revealed a significant main effect
of humanness (F1,24 = 12.56, P < 0.01), a significant main effect
of goal-directedness (F1,24 = 7.82, P < 0.05, and a significant
interaction between humanness and goal-directedness (F1,24 =

Table 1
Peak coordinates (in MNI space) from the human-like versus non-human-like contrast.

Region Coordinates (mm) z-score

x y z

Right lateral occipital cortex 54 !64 8 6.55
Left lateral occipital cortex !58 !68 8 5
Posterior cingulate gyrus !2 !24 30 4.1
Left precuneus cortex !6 !72 44 4.08
Right precuneus cortex 8 !70 40 4.03
Paracingulate gyrus !2 40 34 4
Left superior frontal gyrus !22 0 66 3.96
Left precentral gyrus !26 !10 50 3.85
Right precentral gyrus 34 !6 56 3.54
Right middle frontal gyrus 40 6 40 3.78
Left middle frontal gyrus !42 12 48 3.3
Right superior temporal sulcus 50 !40 10 3.72
Right inferior frontal gyrus 54 26 !2 3.7
Left middle temporal gyrus !56 !54 10 3.93
Right middle temporal gyrus 68 !34 !14 3.63
Right frontal orbital cortex 40 30 !12 3.36
Right frontal pole 48 36 !14 3.32
Left superior parietal lobule !38 !46 64 3.07
Right fusiform gyrusa 44 !42 !22 5.45

aNo clusters in the right fusiform gyrus survived cluster-correction in the human[ non-human
contrast. However, clusters did survive voxel-based correction, a more conservative method for
correcting for multiple comparisons.

Figure 3. Activation map for goal-directed versus non-goal-directed contrast,
displayed on a cortical surface representation. The color ranges from z 5 2.3 (dark
red) to 3.8 (bright yellow).

Table 2
Peak coordinates (in MNI space) from goal-directed versus non-goal-directed contrast

Region Coordinates (mm) z-score

x y z

Left superior parietal lobule !24 !56 58 6.26
Right superior parietal lobule 24 !60 62 6.2
Left postcentral gyrus !66 !20 30 5.73
Right postcentral gyrus 56 !24 48 5.24
Left inferior temporal gyrus !44 !56 !10 5.65
Right inferior temporal gyrus 56 !54 !14 4.9
Left precentral sulcus !56 6 24 5.33
Right precentral sulcus 60 14 26 4.5
Left lateral occipital cortex !32 !74 30 5.23
Right lateral occipital cortex 36 !78 32 3.93
Left superior frontal gyrus !26 4 54 4.4
Right superior frontal gyrus 26 4 50 4.35
Right middle temporal gyrus 62 !54 2 4.38
Left middle temporal gyrus !52 !56 !2 3.98
Left insula !40 !4 6 4.32
Right insula 40 !2 8 3.5
Left fusiform gyrus !30 !46 !18 4.31
Right fusiform gyrus 34 !42 !14 4.05
Right superior temporal sulcus 68 !42 14 2.9
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results in the fusing of discrete peaks of activation into a large
cluster with multiple peaks. To identify the peaks within these
large clusters, we applied a more conservative voxel-based
threshold to these clusters (see Fig. 4, panel B). Two ROIs were
defined within the right STS: a cluster within the posterior
continuation and ascending limb of the STS and a cluster
anterior to the crux of the ascending limb and posterior
continuation of the STS (see Fig. 4, panel B for locations of ROIs).

In the face > scene contrast, the right FFA was clearly evident
using a conservative whole-brain GRF voxelwise correction for
multiple comparisons (P < 0.05, corrected). However, when
applying the more liberal 2-stage FSL cluster correction, this FFA

activation was too small to pass threshold. Because the right FFA
identified in the whole-brain voxelwise correction consisted of
only a few voxels, we enlarged the ROI prior to its application in
our main experiment by including all immediately contiguous
voxels where face > scene with z > 2.57 (P < 0.01, uncorrected)
(see Fig. 4).

ROI Analyses of pSTS

To address our primary question of whether the right pSTS and
right FFA would be activated when either human-like
perceptual cues or goal-directedness are present, we examined
the time course of the fMRI signal averaged for each voxel
within our ROIs for each condition. The repeated measures
ANOVA conducted on peak percent signal change in the
cluster anterior to the crux of the STS revealed a significant
main effect of humanness (F1,24 = 12.08, P < 0.01), indicating
that this region was more active in response to human-like
compared with non-human-like motion. No significant main
effect of goal-directedness or interaction between humanness
and goal-directedness were found (F1,24 = 0.283, P = 0.6 and
F1,24 = 0.012, = 0.91, respectively) (see Fig. 5).

The repeated measures ANOVA conducted on peak percent
signal change in the pSTS cluster revealed a significant main
effect of humanness (F1,24 = 17.74, P < 0.001), a significant main
effect of goal-directedness (F1,24 = 7.71, P < 0.01), and
a significant interaction between humanness and goal-directed-
ness (F1,24 = 4.11, P = 0.054). Simple main effect analyses
revealed that the pSTS responded more strongly to non-human
goal-directed action compared to non-human non-goal directed
actions (F1,48 = 16.35, P < 0.001). There was no difference in
pSTS response to human-like goal-directed compared with
human-like non-goal-directed actions (F1,48 = 0.62, P = 0.43)
(see Fig. 5).

ROI Analyses of FFA

The repeated measures ANOVA conducted on peak percent
signal change in the right FFA revealed a significant main effect
of humanness (F1,24 = 12.56, P < 0.01), a significant main effect
of goal-directedness (F1,24 = 7.82, P < 0.05, and a significant
interaction between humanness and goal-directedness (F1,24 =

Table 1
Peak coordinates (in MNI space) from the human-like versus non-human-like contrast.

Region Coordinates (mm) z-score

x y z

Right lateral occipital cortex 54 !64 8 6.55
Left lateral occipital cortex !58 !68 8 5
Posterior cingulate gyrus !2 !24 30 4.1
Left precuneus cortex !6 !72 44 4.08
Right precuneus cortex 8 !70 40 4.03
Paracingulate gyrus !2 40 34 4
Left superior frontal gyrus !22 0 66 3.96
Left precentral gyrus !26 !10 50 3.85
Right precentral gyrus 34 !6 56 3.54
Right middle frontal gyrus 40 6 40 3.78
Left middle frontal gyrus !42 12 48 3.3
Right superior temporal sulcus 50 !40 10 3.72
Right inferior frontal gyrus 54 26 !2 3.7
Left middle temporal gyrus !56 !54 10 3.93
Right middle temporal gyrus 68 !34 !14 3.63
Right frontal orbital cortex 40 30 !12 3.36
Right frontal pole 48 36 !14 3.32
Left superior parietal lobule !38 !46 64 3.07
Right fusiform gyrusa 44 !42 !22 5.45

aNo clusters in the right fusiform gyrus survived cluster-correction in the human[ non-human
contrast. However, clusters did survive voxel-based correction, a more conservative method for
correcting for multiple comparisons.

Figure 3. Activation map for goal-directed versus non-goal-directed contrast,
displayed on a cortical surface representation. The color ranges from z 5 2.3 (dark
red) to 3.8 (bright yellow).

Table 2
Peak coordinates (in MNI space) from goal-directed versus non-goal-directed contrast

Region Coordinates (mm) z-score

x y z

Left superior parietal lobule !24 !56 58 6.26
Right superior parietal lobule 24 !60 62 6.2
Left postcentral gyrus !66 !20 30 5.73
Right postcentral gyrus 56 !24 48 5.24
Left inferior temporal gyrus !44 !56 !10 5.65
Right inferior temporal gyrus 56 !54 !14 4.9
Left precentral sulcus !56 6 24 5.33
Right precentral sulcus 60 14 26 4.5
Left lateral occipital cortex !32 !74 30 5.23
Right lateral occipital cortex 36 !78 32 3.93
Left superior frontal gyrus !26 4 54 4.4
Right superior frontal gyrus 26 4 50 4.35
Right middle temporal gyrus 62 !54 2 4.38
Left middle temporal gyrus !52 !56 !2 3.98
Left insula !40 !4 6 4.32
Right insula 40 !2 8 3.5
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Right fusiform gyrus 34 !42 !14 4.05
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This mapping of the face patches under natural viewing demon-
strates that it is possible to use this approach to gauge aspects of the
brain's functional organization despite multiple stimulus features
being superimposed in space and time. The close correspondence to
face patches further suggests that data collected during conventional
fMRI paradigms provides a reasonable path toward understanding
how the brain responds under more natural viewing conditions. It
should be noted, however, that while this method was able to reveal
the position of the face patches, it yielded correlation that seldom
exceeded a value of 0.3 in the face patches, which corresponds to less
than 10% of the overall signal variance.Wewill return to this point later.

Parallel functional feature maps obtained during natural stimulation

In light of the successful mapping using the face feature model, we
next examined the family of maps derived from the same fMRI data
using the six different visual feature models. The patterns of correlation
are shown on the lateral surface of the brain in Fig. 3 (medial surfaces

are shown in Supplemental Fig. 2) and illustrate the spatially distinct
contribution of the different features in one hemisphere of subject M2
(Subject M1 shown in Supplemental Fig. 3). The upper left map corre-
sponding to the face feature model illustrates the circumscribed nature
of the face patches extracted using this method. It shows, in addition,
several regions of negative correlation distributed in both the dorsal
and ventral visual pathways.

The time course of the selected high-level features other than faces
exhibited relatively low correlation with fMRI activity during movie
viewing. While both the extremities and animals feature models yielded
marginally significant correlation in some cortical regions (two-
tailed t-test(1768), p b 0.05, corrected), the overall correlation was
much lower than for faces and near zero throughout most of the brain.
The exceptions were a few regions of negative correlation observed for
the extremities feature model, which partially overlapped the negative
regions observed with faces.

Mapping the time course of low-level features from the same data
set led to notably stronger patterns of correlation across the brain,

Fig. 3. Inflated surface maps exhibiting the correlation between a given feature time course and the average brain activity in response to 15 movies. The dotted black lines on the surface
maps represent the locations of the fundi ofmajor sulci on themacaque brain. The gray-scale surfacemapdepicts the surface anatomy fromsubjectM2,whose data are depictedhere,with
labels for the various sulci (LUS: lunate sulcus; iOS: inferior occipital sulcus; IPS: intraparietal sulcus; CS: central sulcus; STS: superior temporal sulcus; LS: lateral sulcus; AS: arcuate sulcus;
PS: principal sulcus). Black arrows in the faces surface map show the approximate locations of the face patches (see Fig. 2 legend for label names). Dotted lines in the scale bar represent a
significant correlation at p = .05, Bonferroni corrected.

Table 1
Face patches identified by the block and natural viewing paradigmswithin each hemisphere for all three animals. Italicized and underlined subjects indicate instances inwhich only one of
the testing regimes identified the particular face patch.

Face patch Left hemisphere Right hemishere

Block design Natural viewing Block design Natural viewing

Posterior lateral (PL) M1, M2 M1, M2, M3 M1, M2 M1, M2
Middlelateral (ML) M1, M2, M3 M1, M2, M3 M1, M2, M3 M1, M2, M3
Middlefundus (MF) M1, M2, M3 M1, M2, M3 M1, M2, M3 M1, M2, M3
Anterior lateral (AL) M2, M3 M3 M1, M2, M3 M1, M2, M3
Anterior fundus (AF) M1, M2 M1, M2 M1, M2, M3 M1, M2, M3
Anterior medial (AM) M1, M2, M1, M2, M3 M2 M1, M2, M3
Prefrontal orbital (PO) M1, M2 M1, M2 M1, M2 M1, M2
Prefrontal arcuate (PA) M1 M1, M2 M1, M2
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This mapping of the face patches under natural viewing demon-
strates that it is possible to use this approach to gauge aspects of the
brain's functional organization despite multiple stimulus features
being superimposed in space and time. The close correspondence to
face patches further suggests that data collected during conventional
fMRI paradigms provides a reasonable path toward understanding
how the brain responds under more natural viewing conditions. It
should be noted, however, that while this method was able to reveal
the position of the face patches, it yielded correlation that seldom
exceeded a value of 0.3 in the face patches, which corresponds to less
than 10% of the overall signal variance.Wewill return to this point later.

Parallel functional feature maps obtained during natural stimulation
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are shown in Supplemental Fig. 2) and illustrate the spatially distinct
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(Subject M1 shown in Supplemental Fig. 3). The upper left map corre-
sponding to the face feature model illustrates the circumscribed nature
of the face patches extracted using this method. It shows, in addition,
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and ventral visual pathways.
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significant correlation at p = .05, Bonferroni corrected.
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face patches further suggests that data collected during conventional
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how the brain responds under more natural viewing conditions. It
should be noted, however, that while this method was able to reveal
the position of the face patches, it yielded correlation that seldom
exceeded a value of 0.3 in the face patches, which corresponds to less
than 10% of the overall signal variance.Wewill return to this point later.

Parallel functional feature maps obtained during natural stimulation

In light of the successful mapping using the face feature model, we
next examined the family of maps derived from the same fMRI data
using the six different visual feature models. The patterns of correlation
are shown on the lateral surface of the brain in Fig. 3 (medial surfaces

are shown in Supplemental Fig. 2) and illustrate the spatially distinct
contribution of the different features in one hemisphere of subject M2
(Subject M1 shown in Supplemental Fig. 3). The upper left map corre-
sponding to the face feature model illustrates the circumscribed nature
of the face patches extracted using this method. It shows, in addition,
several regions of negative correlation distributed in both the dorsal
and ventral visual pathways.

The time course of the selected high-level features other than faces
exhibited relatively low correlation with fMRI activity during movie
viewing. While both the extremities and animals feature models yielded
marginally significant correlation in some cortical regions (two-
tailed t-test(1768), p b 0.05, corrected), the overall correlation was
much lower than for faces and near zero throughout most of the brain.
The exceptions were a few regions of negative correlation observed for
the extremities feature model, which partially overlapped the negative
regions observed with faces.

Mapping the time course of low-level features from the same data
set led to notably stronger patterns of correlation across the brain,

Fig. 3. Inflated surface maps exhibiting the correlation between a given feature time course and the average brain activity in response to 15 movies. The dotted black lines on the surface
maps represent the locations of the fundi ofmajor sulci on themacaque brain. The gray-scale surfacemapdepicts the surface anatomy fromsubjectM2,whose data are depictedhere,with
labels for the various sulci (LUS: lunate sulcus; iOS: inferior occipital sulcus; IPS: intraparietal sulcus; CS: central sulcus; STS: superior temporal sulcus; LS: lateral sulcus; AS: arcuate sulcus;
PS: principal sulcus). Black arrows in the faces surface map show the approximate locations of the face patches (see Fig. 2 legend for label names). Dotted lines in the scale bar represent a
significant correlation at p = .05, Bonferroni corrected.

Table 1
Face patches identified by the block and natural viewing paradigmswithin each hemisphere for all three animals. Italicized and underlined subjects indicate instances inwhich only one of
the testing regimes identified the particular face patch.

Face patch Left hemisphere Right hemishere

Block design Natural viewing Block design Natural viewing

Posterior lateral (PL) M1, M2 M1, M2, M3 M1, M2 M1, M2
Middlelateral (ML) M1, M2, M3 M1, M2, M3 M1, M2, M3 M1, M2, M3
Middlefundus (MF) M1, M2, M3 M1, M2, M3 M1, M2, M3 M1, M2, M3
Anterior lateral (AL) M2, M3 M3 M1, M2, M3 M1, M2, M3
Anterior fundus (AF) M1, M2 M1, M2 M1, M2, M3 M1, M2, M3
Anterior medial (AM) M1, M2, M1, M2, M3 M2 M1, M2, M3
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along the lateral bank of IT, including in the face patches. In the follow-
ing sections we discuss the particular importance of movement signals
for social vision, the contribution of magnocellular input to the ventral
visual pathway, and the trade-offs associated with studying brain func-
tion using natural paradigms.

Movement cues in social visual perception

Previous experiments have shown that the ventral visual pathway is
critical for the high-level interpretation of visual structure. These neural
populations are typically studied bymeasuring their responses to briefly
flashed static images. Single-unit recordings have found that cells in the
inferior temporal (IT) cortex, are selectively activated by complex pat-
terns, with many apparently specialized for socially relevant stimuli
such as faces and bodies (Desimone et al., 1984; Popivanov et al.,
2014; Tsao et al., 2006). fMRI experiments have mapped the spatial
organization of selective responses in the ventral pathway, specifying
a network of face-selective “patches” in the macaque temporal cortex
(Bell et al., 2009; Tsao et al., 2006). Other stimulus categories, such as
bodies, and biological motion are also known to evoke clustered
single-unit and fMRI responses (Bell et al., 2009; Jastorff et al., 2012;
Oram and Perrett, 1996). Such basic selectivity is upheld when animals
direct their gaze to stimuli embedded in cluttered scenes (DiCarlo and
Maunsell, 2000; Sheinberg and Logothetis, 2001). Additionally, move-
ment of a stimulus often increases its fMRI responses in the ventral
pathway (Bartels et al., 2008; Nelissen et al., 2006; Orban and Jastorff,
2013). For example, in certain face patches, dynamic faces elicit stronger
fMRI responses than static faces (Furl et al., 2012; Polosecki et al., 2013).
During natural vision, these and other visual features are superposed
within complex and dynamic scene. It has thus long been clear that

movement is an important visual feature in the ventral visual pathway.
Nonetheless, our findings that motion contributes more than any other
feature to ventral stream responses, and that this dominance only per-
tains to videos containing social content, draws new attention to the
ventral visual pathway's profound entrainment to the movements of
dynamic natural visual stimuli.

From the perspective of a visual system, animals are unusual stimuli.
Their bodies and faces frequently undergo spontaneous and non-rigid
transformations, which are often of great significance to an observer,
as they provide immediate and direct cues about others' actions and
allow for some element of behavioral prediction. For animals with
high visual acuity, such as primates, movement patterns are an impor-
tant cue for recognizing the identity or actions of an individual at a dis-
tance. Given the importance of bodily movement, it is likely there has
been consistent evolutionary pressure on the visual brain to specialize
in the decoding of actions. In the case of primates, including humans,
the brain is exquisitely sensitive to subtle movements, reflecting the
primary role of vision in social perception (Leopold and Rhodes, 2010;
Parr, 2011).

In our data, most face patches showed either stronger or equivalent
responses to motion content than to face content. Since the time
courses of the face and motion feature models were uncorrelated
(r = −0.0275, p N .05), one must conclude that the fMRI signal in
these regions were more strongly shaped bymotion than by the simple
presence of faces. This conclusion extends findings from two recent
studies in the macaque, which compared fMRI responses to static and
dynamic faces (Furl et al., 2012; Polosecki et al., 2013). Nonetheless, it
is important to point out that this motion sensitivity was not restricted
to face patches, but was expressed as a posterior to anterior negative
gradient, both on the lower bank of the STS and on the lateral surface

Fig. 5. Left column. Surface maps showing the percent variance explained by the motion (top) and contrast (bottom) feature models to natural movies that contained animals interacting
with each other and the environment. Right column. Surface maps showing the percent variance explained by the motion (top) and contrast (bottom) feature models to natural movies
that contained no animals. Reduced explained variance for motion in the nonsocial movies was found in both subjects tested.
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along the lateral bank of IT, including in the face patches. In the follow-
ing sections we discuss the particular importance of movement signals
for social vision, the contribution of magnocellular input to the ventral
visual pathway, and the trade-offs associated with studying brain func-
tion using natural paradigms.

Movement cues in social visual perception

Previous experiments have shown that the ventral visual pathway is
critical for the high-level interpretation of visual structure. These neural
populations are typically studied bymeasuring their responses to briefly
flashed static images. Single-unit recordings have found that cells in the
inferior temporal (IT) cortex, are selectively activated by complex pat-
terns, with many apparently specialized for socially relevant stimuli
such as faces and bodies (Desimone et al., 1984; Popivanov et al.,
2014; Tsao et al., 2006). fMRI experiments have mapped the spatial
organization of selective responses in the ventral pathway, specifying
a network of face-selective “patches” in the macaque temporal cortex
(Bell et al., 2009; Tsao et al., 2006). Other stimulus categories, such as
bodies, and biological motion are also known to evoke clustered
single-unit and fMRI responses (Bell et al., 2009; Jastorff et al., 2012;
Oram and Perrett, 1996). Such basic selectivity is upheld when animals
direct their gaze to stimuli embedded in cluttered scenes (DiCarlo and
Maunsell, 2000; Sheinberg and Logothetis, 2001). Additionally, move-
ment of a stimulus often increases its fMRI responses in the ventral
pathway (Bartels et al., 2008; Nelissen et al., 2006; Orban and Jastorff,
2013). For example, in certain face patches, dynamic faces elicit stronger
fMRI responses than static faces (Furl et al., 2012; Polosecki et al., 2013).
During natural vision, these and other visual features are superposed
within complex and dynamic scene. It has thus long been clear that

movement is an important visual feature in the ventral visual pathway.
Nonetheless, our findings that motion contributes more than any other
feature to ventral stream responses, and that this dominance only per-
tains to videos containing social content, draws new attention to the
ventral visual pathway's profound entrainment to the movements of
dynamic natural visual stimuli.

From the perspective of a visual system, animals are unusual stimuli.
Their bodies and faces frequently undergo spontaneous and non-rigid
transformations, which are often of great significance to an observer,
as they provide immediate and direct cues about others' actions and
allow for some element of behavioral prediction. For animals with
high visual acuity, such as primates, movement patterns are an impor-
tant cue for recognizing the identity or actions of an individual at a dis-
tance. Given the importance of bodily movement, it is likely there has
been consistent evolutionary pressure on the visual brain to specialize
in the decoding of actions. In the case of primates, including humans,
the brain is exquisitely sensitive to subtle movements, reflecting the
primary role of vision in social perception (Leopold and Rhodes, 2010;
Parr, 2011).

In our data, most face patches showed either stronger or equivalent
responses to motion content than to face content. Since the time
courses of the face and motion feature models were uncorrelated
(r = −0.0275, p N .05), one must conclude that the fMRI signal in
these regions were more strongly shaped bymotion than by the simple
presence of faces. This conclusion extends findings from two recent
studies in the macaque, which compared fMRI responses to static and
dynamic faces (Furl et al., 2012; Polosecki et al., 2013). Nonetheless, it
is important to point out that this motion sensitivity was not restricted
to face patches, but was expressed as a posterior to anterior negative
gradient, both on the lower bank of the STS and on the lateral surface

Fig. 5. Left column. Surface maps showing the percent variance explained by the motion (top) and contrast (bottom) feature models to natural movies that contained animals interacting
with each other and the environment. Right column. Surface maps showing the percent variance explained by the motion (top) and contrast (bottom) feature models to natural movies
that contained no animals. Reduced explained variance for motion in the nonsocial movies was found in both subjects tested.
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strongly to the ventral visual pathway formovies that contained biolog-
ical movement.

Discussion

We used fMRI data collected during the free viewing of natural
movies to investigate how the brain processes visual features that co-

occur during natural vision.We found that we could readily map the lo-
cations of the face patches across three animals using a model based on
the presence of faces. Additionally,we found thatmotion dominated the
responses throughout the ventral visual stream, both within known
motion selective regions in the lower bank of the STS (Bartels et al.,
2008; Fischer et al., 2012; Jastorff et al., 2012; Nelissen et al., 2006;
Orban and Jastorff, 2013) and for traditionally object selective cortex

Fig. 4. A) Top. Sagittal views of motion sensitive regions in subject M2. Data represent the correlation between each voxel's response to 15 movies and the motion feature model. White
arrows show the approximate location of areas MT, FST andMST within these slices of the right hemisphere. Bottom. Time courses show the similarity between themotion feature model
from four movies (red) and the time course in response to those movies from one voxel in area MT (black) fromM1 (top) and M2 (bottom). B and C) Bar graphs showing the relative
percent variance explained by each of the seven feature models submitted to the stepwise regression for 16 ROIs in the right hemisphere of M2. Colored stars show that for that ROI
the given featuremodelwas not included in any of the voxels used because it did not add an additional 1% explained variance on top of the othermodels. Error bars represent the standard
error of the mean variance explained for each feature model across the voxels used in the ROI. B) The relative percent variance explained in eight face patches. C) The percent variance
explained within visually responsive regions outside of the face patches. Results were similar across the three monkeys. ROI labels. PL: posterior lateral; ML: middle lateral; MF: middle
fundus; AL: anterior lateral; AF: anterior fundus; AM: anteriormedial; PA: prefrontal arcuate (area 45); PO: prefrontal orbital (area 13 l); V1f: foveal primary visual cortex; V1e: extrafoveal
V1; V4: visual area 4; MT: middle temporal area; FST: floor of superior temporal area; IPS: interparietal sulcus; TEO: posterior lateral inferior temporal cortex; TEad: dorsal subregion of
anterior temporal lobe.D)The averagepercent variance explainedby themotion (red), contrast (blue), and face (green) featuremodels fromposterior to anterior in the ventral bankof the
STS (top) and lateral surface of V4/IT (bottom). X-axis shows the coronal slice number relative to the interaural plane. Black arrows show the relative position of four of the face patches in
Fig. 2C and D. Blue and orange arrows show the relative position of areasMT andV4 in the ventral bank and lateral surface plots, respectively. Error bars represent the standard error of the
mean of the percent variance explained by each feature within each coronal slice. The surface map from the right hemisphere of M2 shows the boundaries of the two regions of interest
used. Posterior to anterior gradient was found in all three monkeys.
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Responses to dynamic 
natural movies in 

monkeys is dominated 
by animal motion  

(Russ & Leopold, 2015) 

along the lateral bank of IT, including in the face patches. In the follow-
ing sections we discuss the particular importance of movement signals
for social vision, the contribution of magnocellular input to the ventral
visual pathway, and the trade-offs associated with studying brain func-
tion using natural paradigms.

Movement cues in social visual perception

Previous experiments have shown that the ventral visual pathway is
critical for the high-level interpretation of visual structure. These neural
populations are typically studied bymeasuring their responses to briefly
flashed static images. Single-unit recordings have found that cells in the
inferior temporal (IT) cortex, are selectively activated by complex pat-
terns, with many apparently specialized for socially relevant stimuli
such as faces and bodies (Desimone et al., 1984; Popivanov et al.,
2014; Tsao et al., 2006). fMRI experiments have mapped the spatial
organization of selective responses in the ventral pathway, specifying
a network of face-selective “patches” in the macaque temporal cortex
(Bell et al., 2009; Tsao et al., 2006). Other stimulus categories, such as
bodies, and biological motion are also known to evoke clustered
single-unit and fMRI responses (Bell et al., 2009; Jastorff et al., 2012;
Oram and Perrett, 1996). Such basic selectivity is upheld when animals
direct their gaze to stimuli embedded in cluttered scenes (DiCarlo and
Maunsell, 2000; Sheinberg and Logothetis, 2001). Additionally, move-
ment of a stimulus often increases its fMRI responses in the ventral
pathway (Bartels et al., 2008; Nelissen et al., 2006; Orban and Jastorff,
2013). For example, in certain face patches, dynamic faces elicit stronger
fMRI responses than static faces (Furl et al., 2012; Polosecki et al., 2013).
During natural vision, these and other visual features are superposed
within complex and dynamic scene. It has thus long been clear that

movement is an important visual feature in the ventral visual pathway.
Nonetheless, our findings that motion contributes more than any other
feature to ventral stream responses, and that this dominance only per-
tains to videos containing social content, draws new attention to the
ventral visual pathway's profound entrainment to the movements of
dynamic natural visual stimuli.

From the perspective of a visual system, animals are unusual stimuli.
Their bodies and faces frequently undergo spontaneous and non-rigid
transformations, which are often of great significance to an observer,
as they provide immediate and direct cues about others' actions and
allow for some element of behavioral prediction. For animals with
high visual acuity, such as primates, movement patterns are an impor-
tant cue for recognizing the identity or actions of an individual at a dis-
tance. Given the importance of bodily movement, it is likely there has
been consistent evolutionary pressure on the visual brain to specialize
in the decoding of actions. In the case of primates, including humans,
the brain is exquisitely sensitive to subtle movements, reflecting the
primary role of vision in social perception (Leopold and Rhodes, 2010;
Parr, 2011).

In our data, most face patches showed either stronger or equivalent
responses to motion content than to face content. Since the time
courses of the face and motion feature models were uncorrelated
(r = −0.0275, p N .05), one must conclude that the fMRI signal in
these regions were more strongly shaped bymotion than by the simple
presence of faces. This conclusion extends findings from two recent
studies in the macaque, which compared fMRI responses to static and
dynamic faces (Furl et al., 2012; Polosecki et al., 2013). Nonetheless, it
is important to point out that this motion sensitivity was not restricted
to face patches, but was expressed as a posterior to anterior negative
gradient, both on the lower bank of the STS and on the lateral surface

Fig. 5. Left column. Surface maps showing the percent variance explained by the motion (top) and contrast (bottom) feature models to natural movies that contained animals interacting
with each other and the environment. Right column. Surface maps showing the percent variance explained by the motion (top) and contrast (bottom) feature models to natural movies
that contained no animals. Reduced explained variance for motion in the nonsocial movies was found in both subjects tested.
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Lateral fusiform activity evoked by voice perception in the 
congenitally blind (Fairhall & Gobbini, under review)
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Lateral fusiform gyrus activity is evoked or modulated by:

•  Moving triangles
•  Moving points of light
•  Industrial robots
•  Animal behavior more than animal form
•  Voices in the congenitally blind

Stimulus sampling bias for still images of faces, bodies, and 
objects has restricted understanding of the functional 
architecture of ventral temporal cortex.



Lateral fusiform gyrus activity is evoked or modulated by:

•  Moving triangles
•  Moving points of light
•  Industrial robots
•  Animal behavior more than animal form
•  Voices in the congenitally blind

So, what is represented in the lateral fusiform gyrus?
•  Animate as compared to inanimate entities?

(Kriegeskorte, Mahon, Caramazza, Grill-Spector, and many more)

•  Agency (Gobbini et al. 2007, 2011) 



The representation of animacy in the ventral temporal lobe

Is the animate-inanimate distinction a major large-scale feature?



Is the animate-inanimate distinction a major large-scale feature that 
distinguishes lateral from medial ventral temporal cortex

O’Toole	et	al.	2004	



Is the animate-inanimate distinction a major large-scale feature that 
distinguishes lateral from medial ventral temporal cortex

Kiani	et	al.	2007	



Is the animate-inanimate distinction a major large-scale feature that 
distinguishes lateral from medial ventral temporal cortex

Kriegeskorte	et	al.	2008	



Is the animate-inanimate distinction a major large-scale feature that 
distinguishes lateral from medial ventral temporal cortex

Grill-Spector	&	Weiner,	
2014	



But…

Animate stimuli are usually human, mammal, or avian
Broader sampling suggests this distinction does not apply to all 
animate stimuli 

Connolly	et	al.	2012	

Primates	vs	bugs	

Faces	vs	objects	



The Animacy Continuum:
Low animacy animals have neural response vectors that 
overlap with vectors for bona fide objects

Sha	et	al.	2015	



The Animacy Continuum:
Topography for high versus low animacy mirrors 
primates versus objects (animate vs inanimate) 
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instead of voxel scaling (see Experimental Methods), we
used voxel selection with 300 and 2000 voxels and when
we used no voxel selection or scaling (results not shown).

To examine the relationship between the dominant
first dimension, which was based on responses to both
animals and tools, and the animacy dimension as defined
solely within animal classes, we used STATIS to define
PCs based on different subsets in our data: (1) PCs on
only primates and tools (Figure 4A) and (2) PCs based
on only animal categories without primates and tools
(Figure 4B). For each solution, we projected the remain-
ing categorical patterns onto the corresponding PC space
and found graded levels of animacy with little change
compared with the first PC defined based on all catego-
ries. These results indicate that neural activity in our ROI
treats both animate and inanimate objects along a single
continuous dimension that reflects the level of animacy,
and the animate–inanimate distinction is one aspect of
this dimension.

The Functional Topography of the
Animacy Continuum

To characterize the functional topography for the ani-
macy dimension, we examined the voxel loadings for
each of our PCs (Figure 3B). For PC1, positive loadings
indicate more activation for highly animate categories,

that is, those categories with positive factor scores on
PC 1, and negative loadings indicate more activation for
less animate or inanimate categories—those that have
negative factor scores on PC1. The functional topography
in bilateral VT resembles previously reported coarse-scale
animate versus inanimate activation topographies in
which the lateral fusiform gyrus responds more to ani-
mate objects and the medial fusiform responds more to
inanimate objects (Connolly, Guntupalli, et al., 2012;
Mahon et al., 2009; Chao et al., 1999). Bilateral superior
LO cortex showed more activation for highly animate
objects, whereas bilateral inferior and posterior LO cor-
tices showed more activation to less animate or inanimate
objects. This topography is very similar to the map of
the first PC based on primates and tools (Figure 4A), as
well as the map defined using just eight animal categories
without primates and tools (Figure 4B). Although the
voxel loading maps convey the relative contributions of
activation gradients to the overall representational space,
the statistical maps show that even lower-order PCs have
some topological consistency across participants (data
not shown beyond PC2). Lower-order PCs, however,
should be interpreted with caution. PCA determines a
set of orthogonal PCs, but it does not follow that the
underlying neural generators—the true latent variables
that shape the representational space—are orthogonal
or even independent of each other. We do not know

Figure 4. (A) MDS showing the factor scores for first two PCs from STATIS calculated using just primates and tools. The remaining stimulus
patterns were then projected into the PC space as supplemental observations (dashed ellipses). (B) MDS from STATIS based on just the nonprimate
animals with primates and tools projected into the space as supplemental observations.

8 Journal of Cognitive Neuroscience Volume X, Number Y

Sha	et	al.	2015	



Animate-Inanimate dichotomy does not survive broadening 
stimulus sampling to ‘low animacy’ animals

The animate-inanimate dichotomy is a special case of a 
broader principle – the Animacy Continuum.

c.f. Aristotle, De Anima; animacy hierarchies in linguistics; 
the “Great Chain of Being”



Animate-Inanimate dichotomy does not survive broadening 
stimulus sampling to ‘low animacy’ animals

The animate-inanimate dichotomy is a special case of a 
broader principle – the Animacy Continuum.

c.f. Aristotle, De Anima; animacy hierarchies in linguistics; 
the “Great Chain of Being”

So… Is the Animacy Continuum (varying levels of agentic 
complexity) the dominant organizing principle in VT cortex?



Representation of agents

Gobbini et al. 2007
“…these results suggest that the fusiform gyrus plays a general role in the 
representation of visual stimuli that signify agency, independent of visual form.”

Gobbini et al. 2011
“These results suggest that these areas mediate perception of agency, independently 
of whether the agents are living or not.”

Shultz and McCarthy, 2014
While decades of research have demonstrated that a region of the right fusiform gyrus 
(FG) responds selectively to faces, a second line of research suggests that the FG 
responds to a range of animacy cues, including biological motion and goal-directed 
actions, even in the absence of faces or other human-like surface features. These 
findings raise the question of whether the FG is indeed sensitive to faces or to the 
more abstract category of animate agents… [Our] results suggest that the FG does not 
respond to all faces in a category-specific way, and is instead especially sensitive to 
whether an entity is animate.



… Is the animacy continuum (varying levels of agentic 
complexity) the dominant organizing principle for 

representation in ventral temporal cortex?

Not exactly

Time for a digression to reframe the question 

Methods for modeling a high-dimensional representational 
space based on a set of basis functions (tuning profiles, 
connectivity profiles, and topographic components) that are 
shared across brains – Hyperalignment
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Broad sampling of a neural representational space with a movie

Response 
patterns in 
cortex

15 response 
pattern vectors 
in individual 3D 
representational 
spaces 
(full exp’t has 
>2600 vectors in 
>50,000D space)

Subject 1 Subject 2



Individual 
representational spaces

Common model
representational space

Procrustes transformations
(improper rotations)
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Individual 
representational spaces
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Common model
representational space

Procrustes transformations
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>30 dimensions (42?) are necessary to account for 
the representational space in VT 

Number of Principal Components 

B
et

w
ee

n-
su

bj
ec

t c
la

ss
ifi

ca
tio

n 
 a

cc
ur

ac
y 

±
 S

E 

80 

70 

60 

50 

40 

30 

57 



Topographies for response patterns are modeled in different brains 
as weighted sums of individual-specific topographic basis functions 

using the same weights for common model dimensions

…

…

=>

=>

PC1         PC2             PC3           PC4           PC5          PC6   …  PC35

Weights: ß1             ß2           ß3           ß4           ß5          ß6   ... ß35               ∑(ß*D)      

S1

S2



The topographic basis functions for PCs individually show little 
correspondence to category-selective face and place areas or the 

domain-specific divisions for animate and inanimate stimuli

Weights: ß1             ß2           ß3           ß4           ß5          ß6   ... ß35               ∑(ß*D)      

…

…

=>

=>

PC1         PC2             PC3           PC4           PC5          PC6   …  PC35

S1

S2



Individual variability in the location of the FFA is modeled by VT 
model topographies for face vs object dimension with high fidelity

Subject 1                                             Subject 2
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But this dimension accounts for only a small portion 
of variance in responses to the movie 

Model dimensions 
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accounts for 7% of 
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The animacy-continuum/face-object dimension accounts for more 
variance in responses to still images of animals and objects 

(Sha et al. 2015)
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Figure 3. The above chance 12-way classification in early
visual cortex (Figure 2B) indicates that early vision car-
ried some signal for distinguishing between our catego-
ries; however, the similarity structure in early vision was
only weakly correlated with behavioral structure compared
with later visual regions. Furthermore, our searchlight anal-
ysis using a dichotomous animate versus inanimate and an
animacy continuum model (Figure 7) in a multiple regres-
sion to predict neural similarity shows that neither model
strongly predicted structure in early vision. Because the
focus of the present article was to explore structure in later
vision, we do not report a detailed analysis of structure in
early vision.

Structural Analysis Using STATIS

We used STATIS (Abdi et al., 2012) to analyze the struc-
ture of the category-related neural patterns within this
ROI, which encompassed all of the LO complex and
extended to the posterior intraparietal sulcus. Like PCA,

STATIS computes PCs, each of which has factor scores
(Figure 3A) for the categories and loadings (Figure 3B)
for the voxels in each participant. The reliability of factor
scores was assessed using a bootstrap method to derive
confidence intervals around the factor score centroids—
the ellipses in Figure 1C. The first PC accounts for 55% of
the variance, the second PC accounts for 10%, and the
third PC accounts for ≈7% (Figure 3C). Factor scores
on the first PC (Figures 1C and 3A) show a continuous
gradient of animacy: primates and quadruped mammals
cluster on one end and tools on the other, with fish and
invertebrates closer to tools and birds closer to mam-
mals. We did not observe the sharp contrast between
animate and inanimate categories that was evident in
the behavioral ratings. Rather, the activation patterns
for tools are similar to those for stingrays, ladybugs,
and lobsters, placing the tools near the less animate
end of the animacy gradient, whereas the activation pat-
terns for humans are similar to those for chimpanzees
and cats. These results are robust with respect to whether,

Figure 3. (A) The complete set of factor scores for STATIS analysis in ROI. Error bars show the SEM. Each bar plot is shown on the same scale for
the y axis, which ranges from −0.06 to 0.06. Note that, although some lower-order PCs (e.g., #7) show separation of between low-animate and
inanimate objects, none of these show a systematic difference. (B) The functional topographies associated with the first two PCs, rendered as
the mean voxel loadings across participants. The voxel loadings were calculated for each voxel in the volumes for each participant and then mapped
to the standard surface mesh grid. The color scales are all the same across PCs, which range from −0.0018 to 0.0018. Like for the factor scores,
the absolute magnitudes of individual loadings are not meaningful because the data were normalized before analysis. Only the relative magnitudes
and the sign carry meaning. (C) Screen plot showing the percentages of variance accounted for by each PC for the STATIS analysis in the ROI.
PC1 and PC2 together account for 65% of the variance. CS = collateral sulcus; FG = fusiform gyrus; OTS = occipito-temporal sulcus; Occ. pole =
occipital pole.

Sha et al. 7



…but only carries information about coarse distinctions 
 – lower order dimensions carry finer distinctions 
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… Is the animacy continuum (varying levels of agentic 
complexity) the dominant organizing principle for 

representation in ventral temporal cortex?

Not exactly

The animacy continuum and the face-object distinctions 
account for only a small portion of variance in the responses 
to a rich, natural, dynamic stimulus

The animacy continuum and face-object distinctions account 
only for coarse, not fine-grained distinctions

But the dimensions for these distinctions are derived from 
responses to still images.  Dimensions based on responses to 
agentic behavior may tell a different story (cf. Nastase et al.)



Summary 1: Stimulus sampling bias

Oversampling of 
still images from 
limited variety of 
categories (faces, 
bodies, mammals, 
birds, etc.)

lowest-level in the tree of Fig. 5 will be referred to as “the
lowest-level categories.”

Low-level features cannot account for the
categorical structure

To test whether the reconstruction of category structure was
due to similarity of stimuli in low-level features, we applied the
cluster analysis to low-level physical similarity (e.g., color) of
the stimuli or similarity in responses of modeled V1 cell
population. The modeled V1 cells had size and orientation
selectivity, and some of them were color selective.

The trees that were built based on these similarity measures
failed to show the categories (Fig. 6A). Therefore the repre-
sentation of category structure in the population responses of
IT cells appears to be a result of visual information processing
after V1.

Randomly selected complex features cannot account for the
categorical structure

We then examined whether the representation of category
structure emerges trivially in a population of units tuned to
various, but randomly selected, complex features. We tested
this possibility by creating 674 STUs based on the hierarchical
object recognition model of Riesenhuber and Poggio (1999).
Each STU was tuned to a randomly selected stimulus, from our
stimulus set, through adjusting its input connections from
V4-like units (C2 units) in the model. The broadness of tuning
of STUs was adjusted to match that of actual IT cells. Hence
for individual STUs, the sparseness of responses and the
information about the identity of stimuli were comparable with
those of actual IT cells. We did not necessarily regard this
model as the best model to simulate the real monkey IT; we
used it only to create 674 model units tuned to complex
images.

The population response patterns of STUs did not show any
meaningful grouping of stimuli as demonstrated by the mixed
distribution of categories in a 2D stimulus projection based on
the MDS analysis (Fig. 6B). The tree reconstructed from the

responses of the STUs also failed to represent the categories
(Fig. 6A, rightmost set of bars). Similar results were obtained
for the C2 population in the model. Because of the position and
size invariance of C2 units and STUs, the failure cannot be
attributed to the lack of invariance. These results suggest that
the reconstructed object category structure based on the re-
sponses of actual IT cells reflects something about the monkey
IT cortex beyond the representation of a randomly selected set
of complex features.

Category membership can be read out by means of a
linear classifier

Different categories elicited easily separable population re-
sponse patterns in IT cortex. Full classification of the stimuli
into different categories in the tree can be performed reliably
even by a linear classifier. We used a simple two-layer per-
ceptron network (Duda et al. 2001) with 674 cells in the input
layer and the significant lowest-level categories in the output
layer. The magnitudes of mean responses to each stimulus
were introduced to the input units, and the output unit yielding
the largest value was taken as the classification result. The
network was trained by adjusting its connection weights until
it achieved a perfect classification for a training data set.

After training with a random selection of 50% of the stimuli,
the network correctly classified 86 ! 3% of the remaining
stimuli. This performance is not simply the result of a large
degree of freedom in the parameters of linear classifier or a
result of the high dimensionality of the response space. When
stimuli were randomly assigned to 10 groups of the same sizes
as the 10 categories, the performance of the linear classifier
decreased to 50 ! 3% [the 50% chance performance is because
one group corresponding to the “other inanimate objects”
included about a half of the stimuli (Table 1)].

Single-cell responses are less clearly categorical than
population responses

To examine properties of the category representation in IT
cell population, we determined the selectivity of individual

FIG. 5. The tree reconstructed based on the
neural distances. Red circles indicate the nodes
significantly matching the categories. Blue cir-
cles indicate the nodes that had scores (see
METHODS) significantly larger than chance
score but included fewer than half of the cat-
egory members. The blue nodes were added to
indicate category combinations significantly
matching the higher nodes. Five examples of
category members are shown for each of the
lowest-level categories, except for “other inan-
imate objects” (the rightmost node). The thir-
teen categories located at the lowest level are
referred to as “the lowest-level categories”
throughout this paper.
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Summary 1
•  “Category selective” regions have more complex tuning 

functions that suggest they play more diverse roles in person 
perception

•  Representational geometry is dominated by representation of 
behavior, not form

•  The animate-inanimate distinction is not the principal 
dimension that characterizes the coarse lateral-to-medial 
topography in ventral temporal cortex



Category-
selective 
regions! 

Animacy 
continuum! 

(human to bug) 

It’s expertise! 

Foveal versus 
peripheral 

vision! 

Stimulus 
size! 67	

Domain specificity! 
(animate vs 
inanimate) 

Summary 2:
Inadequate computational methods



Summary 2:
Inadequate computational methods

Univariate statistics 
-  Limiting analysis to univariate contrasts leads to 

search for the ‘function’ of an area

Multivariate methods (pattern classification, RSA, 
hyperalignment, etc.)
-  Model the functional architecture of an area as a 

high-dimensional representational space
-  The topographies for dimensions are multiplexed 

and overlapping
-  Accounts for category-selective regions and fine-

grained patterns that carry fine distinctions



Thank you



Software for ROI hyperalignment and data are on PyMVPA 
(www.pymvpa.org)

Yaroslav Halchenko & Michael Hanke, 
developers

New massive data release of 7T fMRI with natural stimulus and lots 
more:
data  website: http://www.studyforrest.org
paper: Hanke et al. (2014) Nature Scientific Data, 1: 140003.



Grill-Spector & Weiner, Nature Reviews Neuroscience, 2014











Thank you


