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Object recognition requires the visual system to overcome
ambiguities of the retinal image caused by different viewing
conditions. A common view is that when progressing along the
hierarchy of the ventral visual stream, neurons gain selectivity
to specific objects in parallel with increasing tolerance of
changes in for instance object position, distance, and viewing
angle (DiCarlo and Cox 2007; Riesenhuber and Poggio 2002).
However, the detailed characteristics of neural representations
and their transformation across object selective areas remain
largely unknown. In monkey inferotemporal (IT) cortex, many
individual neurons respond to objects in specific views or sizes
with a smaller number generalizing across these transformations (Ito et al. 1995; Logothethis et al. 1995; Lueschow et al.

1994). Conversely, neuronal population signals carry information about object identity (despite changes in position and size)
as well as size and position themselves (Hung et al. 2005).
Previous functional imaging research in humans mostly used
functional MRI (fMRI) adaptation paradigms, inferring properties of neural representations indirectly by measuring fMRI
signal changes associated with repetition of the same stimulus
and its variants (see Grill-Spector et al. 2006; for a review).
However, studying the neural basis of object representation
ideally requires techniques that can distinguish neural responses to individual, and highly similar, objects. Recently,
multivariate pattern recognition techniques have been successfully used to exploit the information in fine-scale fMRI activity
patterns (see Haynes and Rees 2006; Kriegeskorte and Bandettini 2007; for reviews; Norman et al. 2006). Using such
approaches, one of us (Eger et al. 2008) reported discriminability of direct evoked fMRI patterns for within-category exemplars of objects in the human lateral occipital complex (LOC).
A key finding in that study was that LOC response patterns
permitted to identify object exemplars across changes in size
and viewing angle but not to discriminate size and view above
chance, unlike findings from monkey neurophysiology (Hung
et al. 2005). However, because of low classification accuracy,
that study’s failure to detect size and view information in
human LOC could reflect a floor effect or the small range of
size changes used. Given the scale of neuronal clustering of
object selectivities, which is ⬃500 m in the monkey (Fujita
et al. 1992), it is also possible that the spatial resolution of the
fMRI acquisition in that study was insufficient.
To enhance decoding capacity, this study therefore used
threefold higher MRI resolution and a broader range of sizes in
an otherwise similar paradigm. LOC normally shows two
confluent but nonetheless clearly discernible foci, a posterior
lateral occipital (LO), and a fusiform partition (Grill-Spector
2003; Malach et al. 2002). These regions are usually studied as
unities in the object processing literature but to which extent
they are homogeneous, or consist of further functional subdivisions, is largely unexplored. In this study, we therefore not
only compared lateral occipital and fusiform object-selective
subregions but also examined the posterior-anterior distribution of object and size information within these two subregions. We provide evidence for functional heterogeneity within
both the LO and fusiform object-selective subregions, with
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Neurophysiol 100: 2038 –2047, 2008. First published July 16, 2008;
doi:10.1152/jn.90305.2008. A central issue for understanding visual
object recognition is how the cortical hierarchy represents incoming
sensory information and transforms it across successive processing
stages. The format of object representation in the human brain has
thus far mostly been studied using adaptation paradigms because the
neuronal layout of object selectivities was thought to be beyond the
resolution of conventional functional MRI (fMRI). Recently, however, multivariate pattern recognition succeeded in discriminating
fMRI responses of object-selective cortex to different object exemplars within a given category. Here, we use increased spatial fMRI
resolution to explore size sensitivity and tolerance to size change of
response patterns evoked by object exemplars across a range of three
sizes. Results from Support Vector Classification on responses of the
human lateral occipital complex (LOC) show that discrimination of
size (for a given object) and discrimination of objects across changes
in size depended on the amount of size difference. Even across the
largest amount of size change, accuracy for generalization was still
significant in LOC, whereas the same comparison was at chance
performance in early visual (calcarine) cortex. Analyzing subregions,
we further found an anterior-posterior gradient in the degree of size
sensitivity and size generalization within the posterior-dorsal and
anterior-ventral parts of LOC. These results speak against fully
size-invariant representation of object information in human LOC and
are hence congruent with findings in monkeys showing object identity
and size information in population activity of inferotemporal cortex.
Moreover, these results provide evidence for a fine-grained functional
heterogeneity within human LOC beyond the commonly used LO/
fusiform subdivision.

SIZE SENSITIVITY GRADIENT IN LOC

anterior-posterior differences in size sensitivity and size generalization within regions.
METHODS

Participants and data acquisition
Twelve healthy volunteers (1 left-handed) with normal or corrected
vision (3 men and 9 women; mean age, 25.4 ⫾ 3.2 yr) gave written
informed consent. Functional images were acquired at the Brain
Imaging Center of Frankfurt University, Frankfurt, Germany, on a 3-T
MR system with eight-channel head coil (Siemens Trio, Erlangen,
Germany) as T2*-weighted echo-planar image (EPI) volumes using a
sequence optimized by Wibral et al. (2007). Twenty transverse slices
were obtained with a repetition time of 2 s (echo time, 30 ms; flip
angle, 70°; 2 ⫻ 2 ⫻ 2-mm voxels; 0.5-mm gap).

Stimuli and design

Experimental protocol and task
Stimuli were back-projected onto a translucent screen above the
subjects’ head and viewed via a mirror on the head coil. Pictures
subtended ⬃3.3, ⬃5, and ⬃7.5° of visual angle for the three sizes.
Objects were presented in short blocks of four identical (in exemplar and size) pictures each (1-s stimulus, 0.5-s blank), followed by
a fixation baseline of 4 s, with pseudo-randomized order of conditions.
Each stimulus randomly appeared in a red or green hue, and participants reported the color of each stimulus via keypad. This task was
performed in six experimental sessions of 8.2-min length each, encompassing 24 blocks altogether per experimental condition.
An additional scanning session of ⬃5-min length mapped objectresponsive areas for each participant using a standard LOC localizer,
comparing pictures of various common objects to mosaic-scrambled
versions of the same images (20 ⫻ 20 fragments). Objects and
scrambled images were alternated in blocks with 500 ms per picture
every 1 s and block length of 12 s (6-s fixation baseline).

Image processing and data analysis
The initial analysis of the imaging data used SPM5 (http://
www.fil.ion.ucl.ac.uk/spm/software/spm5). After motion correction and normalization to an EPI-template in MNI space, the
unsmoothed EPI images were entered into a general linear model,
modeling separately the effect of each of the 12 conditions convolved with a standard hemodynamic response function, while
accounting for serial autocorrelation with an AR(1) model and
removing low-frequency drift terms by a high-pass filter with a
cut-off of 128 s. This analysis yielded six independent estimates of
fMRI signal change (corresponding to the 6 sessions), which were
subsequently used for pattern recognition analysis.
Object responsive voxels were defined as voxels activated in the
contrast of objects versus scrambled objects, on unsmoothed data,
within a mask of occipito-temporal areas created with WFU-Pickatlas
(http://fmri.wfubmc.edu/cms/software). The mask comprised inferior
J Neurophysiol • VOL

and medial occipital gyrus, inferior and medial temporal gyrus, and
fusiform gyrus, in standard stereotactic space. To obtain roughly
equivalent numbers of voxels across participants, we adopted participant-specific thresholding, yielding on average 1,518 ⫾ 116 (minimum, 1,348; maximum, 1,688) voxels, at an average t-value of 3.5 ⫾
0.9 (average P value of 0.004, uncorrected).
To assess potential different sensitivity to object exemplar and size
in subregions of LOC, we, as others, first divided object-responsive
voxels into a posterior-dorsal lateral occipito-temporal (LO) part and
an anterior-ventral fusiform (FUS) part (see Grill-Spector 2003).
Subdivision in our study was based on anatomical markers in normalized space, using the aforementioned masks from WFU-Pickatlas.
Voxels falling into the masks of inferior and medial occipital and
temporal gyrus were considered as LO and voxels falling into the
masks of fusiform gyrus as FUS. Although this procedure might not
capture individual functional anatomy perfectly in each case, it is
based on a simple, unbiased, and objective criterion that permits
comparison or replication across studies. Using the thresholds mentioned above, this subdivision yielded on average 1,012 ⫾ 94 voxels
for LO and 506 ⫾ 141 voxels for FUS across participants [see Fig. 1A
for a map of the average location of these regions of interest (ROIs)].
We further partitioned the ensemble of voxels activated in each
subject’s localizer contrast in posterior-anterior (y) direction, resulting
in two (and in additional analyses, 4 and 8) subdivisions for LO and
FUS. This subdivision did not rely on any further anatomical marker
but was done such that voxel numbers were the same for each
subdivision in each given subject. For comparative purposes, regions
of early visual cortex were defined by a mask covering the calcarine
sulcus in MNI space, from WFU-Pickatlas.
Control analyses were performed for ROIs that equated both the
number of voxels and the functional signal-to-noise ratio between
posterior (LO) and anterior (FUS) parts of LOC. First, the 1,000 most
object-selective (objects ⬎ scrambled) voxels were selected within
the anatomical masks described above for LO and FUS, respectively.
Subsequently, voxels with the highest t-value for LO and the lowest
t-value for FUS were eliminated in an iterative procedure until the
average t-value was comparable between the two ROIs. An analogous
procedure was used to equate the t-value for all stimuli versus fixation
between the two regions. (see Supplemental Fig. 1 for results and
details of voxel numbers).1
Pattern recognition analysis was used to predict which of two given
stimuli was presented on test trials from distributed response patterns
within ROIs. The fMRI signal change estimates (parameter estimates)
of the n voxels in a given ROI for each condition and for repeated
sessions were extracted. Classification analyses were performed on
the mean-corrected pattern across voxels, and for comparison on the
mean across voxels, corresponding to univariate (whole ROI) analysis. Linear support vector machines (Christianini and Shawe-Taylor
2000; see Cox and Savoy 2003; Kamitani and Tong 2005; MouraoMiranda et al. 2005 for examples of application in fMRI; support
vector machines: Vapnik 1995) were used in the implementation of
Gunn (http://www.isis.ecs.soton.ac.uk) with a fixed regularization
parameter of C ⫽ 5, performing leave-one-out-classification with
sixfold (6 independent sessions) cross-validation. SVM being essentially a method for pair-wise classification, all possible pair-wise
comparisons were tested, and accuracy subsequently were averaged
for discrimination of object exemplar size across one step or two
steps, etc. (chance corresponding to 50%). The pattern classification
process is described in more detail in Eger et al. (2008). For all
analyses studying prediction accuracy as a function of the number of
voxels included, voxels were rank-ordered on the basis of their t-value
for visual stimulation versus baseline (an orthogonal contrast that
permits comparing accuracy between comparisons involving objects
and sizes with identical voxels included).
1
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Object stimuli (4 chairs and 4 teapots) were the same as previously
used (Eger et al. 2008). For each object, three sizes were created with
size 2 corresponding along each axis to 150% of size 1 and size 3 to
150% of size 2 (or size 2 to 225% of the area of size 1 and size 3 to
225% of the area of size 2). Chair and teapot stimuli were counterbalanced across subjects, thus presenting each subject with a total of
12 experimental conditions (4 exemplars ⫻ 3 sizes). The low-level
similarity (measured as Euclidean distance between pairs of pictures)
was on average 94.7 ⫾ 33.8 for object comparisons in the same size,
104.7 ⫾ 26.7 for one step of size change, and 139.6 ⫾ 23.8 for two
steps of size change of the same object.
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In addition to testing discrimination of object exemplars (with and
without size change) and sizes, we estimated the lower and upper
bound of the SVM classifier in this data set. The lower bound was
estimated by classifying the same objects in the same size and the
upper bound by classifying between different objects in different sizes
for the largest size change used. Results and more details can be found
in Supplemental Fig. 2.
Two indices were used for quantification of size sensitivity and
size generalization in comparisons across regions. The size sensitivity index corresponds to the ratio of discrimination of, and
generalization of object discrimination across, a given size change
(SSI ⫽ ACCsize_discrim/ACCobject_diffsize) separately for the two
steps of size change. The size generalization index was computed
as the ratio of generalization of object discrimination across a
given size change and object discrimination in the same size
(SGI ⫽ ACCobject_diffsize/ACCobject_samesize). The rationale for the
use of these two indices is to give a more complete description of
the size sensitivity/size invariance in a given region. Previous work
using pattern recognition showed, for example, that early visual
cortex can show rather accurate generalization of object discrimination across size change because of low-level stimulus overlap
between conditions (Eger et al. 2008). An index that sets into
relation size discrimination and (generalization of) object discrimination may therefore help to disambiguate performance based on
invariant object representation from that based on low-level stimulus features. Because of their relative nature, both indices used are
insensitive to differences in overall classification accuracy across
regions that may arise for instance from differences in functional
contrast-to-noise and thus be unrelated to the question of interest.
J Neurophysiol • VOL

RESULTS

Information on object exemplar and size in mean activity
and patterns of LOC
First, we analyzed pattern signals from the entire object
selective ROI. For discrimination of objects, we tested
classification performance in the same size and in a different
size (across 1 or 2 steps of size change). We also tested for
discrimination of size itself across one or two steps of
difference, either in the same object or when training the
classifier on two sizes of one object and subsequently testing
on another object. Each analysis was conducted for mean
activity (across voxels) as well as for selected numbers of
voxels of the mean-corrected pattern (see METHODS for details).
Discrimination performance for objects was at or close to
chance for average activity across the ROI but increased when
selecting voxels on the basis of their overall visual response
and turned asymptotic at ⬃85% correct performance (for
training and test on identical image sizes; Fig. 2A). Classification performance for test on data from the same object, but in
a different size, decreased with the degree of size change: one
step of size change in test objects yielded only slightly lower
performance (⬃80% correct) than for the same size, whereas
two steps resulted in clearly reduced but still reliable above
chance performance (⬃70% correct). Discrimination of size
(for the same object) across one step of size change yielded
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SVM pattern
classifier

FIG. 1. Analysis procedures. A: group
map (n ⫽ 12) of object-responsive areas
(defined as responding more to objects than
scrambled objects) at P ⬍ 0.0001, uncorrected. For pattern recognition analysis as
performed here, this region was defined on a
subject-by-subject basis. Shown in green and
red are group activations for the posteriordorsal lateral occipital (LO) and anteriorventral fusiform (FUS) parts of the lateral
occipital complex. The functional MRI
(fMRI) signal change across voxels was extracted separately for each session and condition from these regions of interest (ROIs)
and entered into pattern recognition analysis
(support vector machines) based on leaveone-out prediction with cross-validation. B: a
linear classifier was trained on data from a
given pair of objects and tested on data
corresponding to the same size (object discrimination–same image) or a different size
(object discrimination–size generalization)
for 3 sizes corresponding to 3.3, 5, and 7.5°
of visual angle. In an analogous way, discrimination was performed on data corresponding to different sizes of a given object
(separated by 1 or 2 steps of size change),
where the classifier was subsequently tested
on the 2 sizes of the same object or another
object (data not shown).
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FIG. 2. Pattern recognition results for the entire lateral occipital complex (LOC) region. Discrimination performance
(mean across 12 subjects and SE) for object discrimination (A)
and size discrimination (B). For the results in A, the classifier
was trained on each one of all possible pairs of objects and
subsequently tested on the same object pair either in the same
size or in a different size (size changes 1 and 2 corresponding
to the 2 steps used). For the results in B, the classifier was
trained on 2 sizes for a given object (that could differ in 1 or 2
steps of size change) and subsequently tested on those 2 sizes
of the same object or all other possible objects. Analysis was
conducted for the mean signal across voxels and for increasing
numbers of voxels of the mean-corrected pattern shown here
for ⱕ200 voxels, as well as for all voxels.
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slightly lower classification performance than discrimination of
different objects in the same size, whereas the same discrimination across two steps of size change resulted in markedly
increased classification accuracy of up to ⬃95%. When testing
the size classifier on another object than the one used for
training, classification accuracy were reduced by ⬃10% and
were relative to performance on the same object. This reduction held for both degrees of size change (1 and 2 steps), but
performance always still remained well above chance (Fig. 2B).
Classification accuracy for one step of size change were
further analyzed separately for generalization from size 1 to 2
(and vice versa) and generalization from size 2 to 3 (and vice

A Object discrimination across size B
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Average prediction accuracy [%]
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versa), as well as discrimination of size 1 and 2 and size 2 and
3. These data (Fig. 3) show a small tendency for weaker
generalization across the two larger sizes, which, however, did
not reach significance in any of the cases. With size discrimination, a similar tendency was observed for better discrimination between the two larger sizes that reached significance in
a pairwise t-test in a few cases (i.e., for mean activity and 10
and 50 voxels in the case of test on the same object, and for 200
and all voxels in the case of test on a different object). This
finding of slightly better discrimination of the larger sizes
might be related to the fact that, although the two comparisons
involve the same relative size change, this implies a larger
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FIG. 3. Pattern recognition results for the entire LOC region. Discrimination performance (mean across 12 subjects and
SE) for object discrimination across size change (A) and size
discrimination (B). Results are shown separately for the 2 size
changes with equivalent (1-step) relative difference: size 1 vs.
2, and size 2 vs. 3. A small tendency for better discrimination
of the larger size change in absolute terms is observed.
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absolute increase in edge length (and even more area) between
the two larger sizes (see Fig. 1).
To summarize, discrimination of object exemplars across
changes in image size, as well as discrimination of size itself,
depends on the relative amount of size change, and given a
large enough size difference, information about size is detectable in LOC with even higher reliability than information about
the objects used here.
Object and size information in patterns of LOC subregions
and early visual cortex
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FIG. 4. Pattern recognition results for subregions of LOC.
Discrimination performance (mean across 12 subjects and SE)
for object and size discrimination for the posterior-dorsal (LO)
and anterior-ventral (FUS) subregions of LOC (A and B). This
analysis was performed on the mean-corrected pattern over all
voxels in each ROI without further preselection. C: results of an
analogous analysis performed on data from early visual (calcarine) cortex. D: size sensitivity indices were calculated as the
ratio of discrimination of size in the same object and object
discrimination across size change, for 1 and 2 steps of size
change, respectively. E: size generalization indices were calculated as the ratio of object discrimination across size change and
object discrimination without size change, for 1 and 2 steps of
size change. These indices show equivalent size sensitivity and
size generalization in LO and fusiform cortex, whereas size
sensitivity is decreased in both LOC regions compared with
early visual cortex, and size generalization is enhanced.
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To test for potential regional differences in size invariance of
object information, we next assessed information on object
exemplar and size separately for subregions of object-selective
cortex. First, we examined separately LO and FUS parts of the
object-selective cortex.
Results of classification using all voxels in these ROIs
without further selection are shown in Fig. 4, A and B. Apart
from a slight overall difference in absolute classification accuracy, which are higher in LO, the two object-selective subregions show a very similar pattern of results. Object discrimination across size change and size discrimination depended on
the amount of size change to nearly the same degree. Furthermore, in both regions, discrimination of size across two steps
of size change yields classification accuracy superior to those
for discrimination of objects.
The results from both object-selective ROIs contrast
clearly with findings from early visual (calcarine) cortex
(Fig. 4C). Although generalization of object discrimination
in LOC is above chance, even across the two steps of size
change used, the same comparison is at or near chance
performance in early visual cortex. This is found even
though overall discrimination performance in early visual
cortex (nearly 100% correct for size and object in the same
size) is higher than in LOC.
Quantification of relative size sensitivity and size generalization in these different regions used two indices taking
into account size discrimination, as well as object discrimination across sizes and in the same size (see METHODS; Fig.

4, D and E). The size sensitivity index (SSI) was higher in
early visual cortex than in LOC [LO vs. early visual,
F(1,11) ⫽ 32.6, P ⬍ 0.001; FUS vs. early visual, F(1,11) ⫽
19.6, P ⬍ 0.001] but comparable between lateral occipital
and fusiform object-selective subregions [F(1,11) ⫽ 0.08].
Accordingly, the size generalization index (SGI) was increased in LOC compared with early visual cortex [LO vs.
early visual, F(1,11) ⫽ 55.6, P ⬍ 0.001; FUS vs. early
visual, F(1,11) ⫽ 54.4, P ⬍ 0.001] but not significantly
different between LO and FUS [F(1,11) ⫽ 0.6].
Since at a given identical threshold the fusiform subpart
of LO is commonly smaller than the lateral occipital part,
the average number of voxels included in our original ROIs
was different between the two regions (see METHODS). To test
how far this could explain the overall lower discrimination
performance observed in the fusiform ROI, we performed
control analyses that equated the number of voxels and the
functional signal-to-noise ratio between regions (see METHODS
for details and Supplemental Fig. 1). Results were nearly identical
to the previously described ones, both for equating the mean
t-value for objects versus scrambled (Supplemental Fig. 1, A and
B), and visual versus baseline (Supplemental Fig. 1, C and D)
between the two subregions. This suggests that the overall lower
classification performance observed in fusiform compared with
lateral occipital cortex is caused by other factors than the number
of voxels included or the functional signal-to-noise ratio. Furthermore, the finding of comparable size sensitivity and size generalization indices in the two regions was unchanged in these
control analyses.
To summarize, absolute discrimination performance was
overall slightly higher in LO than FUS but reliably above
chance in both regions. A very similar pattern of classification accuracy across the different comparisons was observed
in both of these object-selective regions, resulting in nearly
identical estimates of size sensitivity and size generalization
indices. Furthermore, size sensitivity indices in both LO and
fusiform cortex were decreased compared with early visual
cortex, whereas size generalization indices were increased.

SIZE SENSITIVITY GRADIENT IN LOC

Gradient of size sensitivity within LO and fusiform cortex
Although pattern analyses found equivalent size invariance
of responses in the two object-selective subregions when they
were tested as a whole, we reasoned that potential differences
might exist within each of these regions and might be expressed most likely along the posterior-anterior direction. We
therefore subdivided each subject’s set of voxels for both LO
and FUS into (initially) two equally dimensioned anterior and
posterior subsets (see METHODS for details of subpartitioning).
The mean average y coordinates across subjects of these
subdivisions were ⫺82.4 ⫾2.9 for posterior LO, ⫺66.9 ⫾3.0
for anterior LO, ⫺64.8 ⫾3.8 for posterior fusiform, and ⫺43.8
⫾2.7 for anterior fusiform partitions.
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Classification results for all the different comparisons involving
discrimination of objects and size within these subdivisions are
shown in Fig. 5, A and B, along with the resulting measures of size
sensitivity and size generalization indices (Fig. 5, E and F). For
both the lateral occipital and fusiform regions, discrimination
accuracy for sizes relative to objects were reduced in the anterior
compared with the posterior subdivisions. This effect is reflected
in lower size sensitivity indices for anterior as opposed to posterior subdivisions of both regions. At the same time, the decrease
in accuracy for object discrimination across size change was
flattened in the anterior compared with posterior parts, resulting in
an increase of size generalization indices from posterior to anterior. ANOVAs on both measures were performed with the factors
of region (LO/FUS), subdivision (posterior/anterior), and size
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were divided into initially. The results of analyses using eight
subdivisions are shown in Fig. 6. These data show a largely
gradual decrease of size sensitivity from posterior to anterior and
a somewhat less clear gradual increase in size generalization.
To summarize, when subdividing the voxels within both
lateral occipital and fusiform cortex along the posterior-anterior (y) direction, a systematic decrease of size sensitivity and
an increase of relative size generalization is observed when
progressing from posterior to anterior. This effect is observed
despite comparable measures of size sensitivity and generalization when comparing both regions as a whole.
DISCUSSION

This study used multivariate pattern recognition at a spatial
resolution that is three times as high as in the wide majority of
fMRI studies. We studied size sensitivity and size generalization of human LOC response patterns to object exemplars
across a range of three different sizes. We replicated previous
results (Eger et al. 2008) by successfully discriminating re-
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FIG. 6. Pattern recognition results from
subdivision of LOC subregions LO and FUS
into 8 parts each in posterior-anterior (y)
direction. Discrimination performance (mean
across 12 subjects and SE) for object and size
discrimination (A and B) performed on the
mean- corrected pattern over all voxels in
each ROI subpart without further selection.
Size sensitivity indices (C) show a decrease
from posterior to anterior in both LO and
FUS, whereas size generalization indices (D)
show an increase.
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change (1 step/2 step). Main effects of size change are highly
significant in all cases, as expected (Fig. 5, C and D). The
ANOVA on size sensitivity indices also confirmed a significant
main effect of subdivision [posterior/anterior; F(1,11) ⫽ 21.9,
P ⬍ 0.001]. The main effect of region [F(1,11) ⫽ 0.02], as well
as the region by subdivision interaction [F(1,11) ⫽ 0.01], did not
reach significance. When analyzing data from both LO and FUS
cortex separately, main effects of subdivision (posterior/anterior)
were significant in both LO [F(1,11) ⫽ 12.9, P ⬍ 0.01] and FUS
[F(1,11) ⫽ 7.7, P ⬍ 0.05]. The analogous ANOVA on the size
generalization indices equally showed a significant main effect of
subdivision [posterior/anterior; F(1,11) ⫽ 8.6, P ⬍ 0.05] but not
an effect of region [F(1,11) ⫽ 1.5] or a region by subdivision
interaction [F(1,11) ⫽ 0.2]. When analyzing data from both LO
and FUS cortex separately, the main effect of subdivision (posterior/anterior) was significant in LO [F(1,11) ⫽ 8.8, P ⬍ 0.05]
but failed to reach significance in FUS [F(1,11) ⫽ 2.2].
Further analyses that were performed with finer partitioning
showed that the anterior-posterior difference of size sensitivity in
our data was not restricted to the two subdivisions that the data
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not be a linear function of the relative size change. However,
a more detailed description of the dependence of size discrimination on absolute or relative size changes would require
sampling size differences over a still broader range than was
possible here.
Our study further compared discrimination performance
across and within subregions of human object-responsive cortex. Using the standard subdivision into posterior-dorsal LO
and anterior-ventral FUS cortex, we observed overall higher
classification accuracy in LO. In previous findings, pattern
classification accuracy were also reduced and close to or at
chance in FUS cortex (Eger et al. 2008; Williams et al. 2007).
However, in contrast to these previous results, the present
study had sufficient sensitivity to observe relatively high and
reliably above chance discrimination performance not only in
LO, but also in the FUS cortex. In this study, we could further
rule out the possibility that the difference in overall discrimination accuracy between LO and FUS was caused by different
numbers of voxels or differences in the functional signal to
noise ratio. It is therefore more likely that this inter-regional
difference in classifier performance results from differences
between regions in the spatial layout of object selectivities that
could lead to more or less detectable effects in the multi-voxel
patterns signal.
The two indices that we computed for size sensitivity and
size generalization enabled us to compare relative discrimination performance between subregions independent from the
overall level of performance that may be subject to nonspecific
influences. Size sensitivity and size generalization were found
to be equivalent between the posterior-dorsal (LO) and anteriorventral (FUS) subregions of LOC but markedly different from
early visual cortex. Despite the lack of overall difference
between posterior-dorsal and anterior-ventral LOC subregions,
we observed a systematic decrease of size sensitivity (and
increase of size generalization) in pattern signals within both
object selective regions when progressing from posterior to
anterior. Such a topographic gradient was not reported (or not
tested for) in the pattern-based studies in monkey cortex (Hung
et al. 2005).
The gradients of size sensitivity (and size generalization)
found by us may suggest that, in addition to the enlargement of
receptive fields occurring between subsequent stages of early
visual cortex, receptive field sizes gradually increase further
from posterior to anterior in object-selective visual cortex.
Although these regions in human cortex have long been
thought of as largely nonretinotopic (Malach et al. 2002;
Tootell et al. 1996), recent data support the existence of several
retinotopic subdivisions in posterior (LO) and anterior-ventral
(FUS) object-selective cortex (Larsson and Heeger 2006; Wandell et al. 2007). The analysis of retinotopic properties in lateral
occipital cortex conducted by Larsson and Heeger (2006)
showed two subregions (LO1 and LO2), where retinotopy
measured in terms of voxel response fields was slightly weaker
in the more anterior LO2 than the more posterior LO1. This
finding was interpreted to reflect larger receptive fields in the
more anterior region. It should be pointed out that, in our study,
the definition of ROIs was based on object selectivity but not
on retinotopic criteria. In addition to the retinotopic subdivisions LO1 and LO2, the posterior-dorsal (LO) area in our study
may also have included voxels from, for example, V3A/B or
V5, which can show slightly enhanced responses to objects
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sponse patterns evoked by within-category exemplars of objects. More importantly and in accord with the premises that
motivated this study, we found that generalization of classification performance across changes in size was gradual as a
function of the relative size change, as was discrimination of
size itself. With the object and size settings of our study, sizes
could be discriminated at least equally well or even with higher
accuracy than different objects for a given size.
These findings extend previous results (Eger et al. 2008),
where activity patterns were discriminable above chance in
LOC for different objects but not for different sizes. The
previous failure to separate responses to different sizes is likely
because of the overall low classification accuracy in that study.
In the findings presented here, accuracy for size discrimination
across one step (corresponding to the same relative difference
as used previously) was slightly lower than for object discrimination, but both are well above chance. It is likely that the gain
in sensitivity is caused by the increased spatial resolution used
in the fMRI acquisition of this study.
These findings agree well with those from electrophysiology
in nonhuman primates. Using similar pattern recognition methods,
object identity and size information could be read out from
multiunit neuronal responses in monkey infero-temporal (IT)
cortex (Hung et al. 2005). Thus both modalities converge in
indicating that, although object representations in monkey IT
cortex and human LOC tolerate size change over a certain
range, size information is nevertheless not lost in the population signal. Preservation of size information in IT/LOC signals
is likely related to the fact that neurons’ receptive fields do not
encompass the whole of the visual field. Data from monkey
studies suggest receptive field sizes in IT between ⬃3 and 25°
(Op de Beeck and Vogels 2000), whereas comparable quantitative data in humans do not exist to our knowledge. Related to
this, one recent theoretical model addressing the problem of
object recognition across image changes (DiCarlo and Cox
2007) showed that generalization across for example position
and size can arise from populations of spatially broadly tuned
object-selective neurons. According to that view, invariance at
the single neuron level would not be a necessary goal of
processing in inferotemporal cortex, but instead neuronal population responses would be able to represent both object identity
and location (size, view) information at the same time.
The finding of better discrimination of sizes than object
exemplars in our study might nevertheless at first glance seem
surprising for high-level visual areas considered as objectselective. In this context, it is important to consider that the
low-level dissimilarity of already one step of size change
exceeded that from a change in object exemplar in the same
size. The finding of higher accuracy for size discrimination
across two steps than for objects therefore occurs in the context
of an overproportional increase in low-level dissimilarity,
whereas for comparable low-level similarity of the size change,
this should have resulted in even lower accuracy than in our
one-step size change condition. Our data from generalization
of object discrimination suggest roughly comparable generalization across size for equivalent relative size changes (size 1
to 2 vs. size 2 to 3), but this effect may not be strictly additive
(1 step vs. 2 steps). In addition, for discrimination of size, a
tendency for better discrimination for the larger (in absolute
terms) of the two comparable relative size changes was observed. This suggests that size discrimination performance may
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In summary, the findings reported here show that the performance of pattern recognition techniques can benefit from an
increase of the fMRI resolution and that this approach can give
neurophysiologically plausible insights into mechanisms of
object representation. We found that, for a large enough size
difference, multivoxel-evoked fMRI activity patterns in human
LOC show independent information discriminating object exemplars and size. Tolerance of object discrimination performance for size change is not complete but depends on the
relative size difference. Relative size invariance and size generalization were equivalent between the posterior-dorsal (LO)
and anterior-ventral (FUS) subregions of LOC, but size sensitivity decreased and size generalization increased from posterior to anterior within both areas. This observation could imply
two separate hierarchies of processing in these regions of
object selective cortex. Future research regarding the relation
to other response properties and mechanisms of invariance
should also seek to characterize topographical variations within
these regions, instead of considering them as homogenous
functional units.
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invariance is considered.
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