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We represent the locations of places (e.g., the coffee shop on 10th
Street vs. the coffee shop on Peachtree Street) so that we can use
them as landmarks to orient ourselves while navigating large-scale
environments. While several neuroimaging studies have argued
that the parahippocampal place area (PPA) represents such naviga-
tionally relevant information, evidence from other studies suggests
otherwise, leaving this issue unresolved. Here we hypothesize that
the PPA is, in fact, not well suited to recognize specific landmarks in
the environment (e.g., the coffee shop on 10th Street), but rather is
involved in recognizing the general category membership of places
(e.g., a coffee shop, regardless of its location). Using fMRI multivoxel
pattern analysis, we directly test this hypothesis. If the PPA represents
landmark information, then it must be able to discriminate between 2
places of the same category, but in different locations. Instead, if the
PPA represents general category information (as hypothesized here),
then it will not represent the location of a particular place, but only
the category of the place. As predicted, we found that the PPA
represents 2 buildings from the same category, but in different
locations, as more similar than 2 buildings from different categories,
but in the same location. In contrast, another scene-selective region of
cortex, the retrosplenial complex (RSC), showed the exact opposite
pattern of results. Such a double dissociation suggests distinct neural
systems involved in categorizing and navigating our environment,
including the PPA and RSC, respectively.

retrosplenial complex (RSC) | parrahippocampal place area (PPA) |
navigation | categorization | scene processing

Recognizing places (or “scenes”) in the world as landmarks
and orienting ourselves to them is crucial for our ability to

navigate large-scale environments. Given the ecological impor-
tance of landmark recognition, it is perhaps not surprising then
that we may have dedicated cortex for processing landmark in-
formation (1–3). Indeed, several studies have argued that a
scene-selective region, the parahippocampal place area (PPA)
(4), is implicated in such landmark recognition (2). However, the
role of the PPA in landmark recognition, and navigation more
generally, is controversial for 4 reasons. First, many of the papers
that claim the PPA is involved in landmark recognition are
methodologically flawed by not independently defining a region
of interest in an individual subject analysis, not correcting for
multiple comparisons in a group analysis, or both (5–8). Such
flaws in methodology lead to major issues, such as double dip-
ping and inflated false positives, thus rendering the resultant
findings difficult to interpret (9–11). Second, several studies have
found that the PPA is insensitive to many kinds of navigationally
relevant information, including sense (i.e., left/right), egocentric
distance (i.e., near/far), first-person perspective motion, and the
number and location of objects in a local space (refs. 12–15, but
see refs. 16 and 17), making it ill-suited to support navigational
processes. Third, still another study has recently found that the
PPA is involved in scene categorization (e.g., recognizing a place
as a kitchen or a bedroom), not visually guided navigation (i.e.,
our ability to navigate the immediately visible environment) (18),
directly revealing the PPA’s lack of involvement in at least 1 kind
of navigation. Fourth, several other studies have shown that

another scene-selective region, the retrosplenial complex (RSC),
represents the spatial locations and facing directions of land-
marks, situates them in relation to other places in the environ-
ment, and is involved in orienting oneself to landmarks while
navigating (19–21), making the RSC, not the PPA, a better can-
didate cortical region involved in processing landmark informa-
tion (22). For these reasons, it seems unlikely that the PPA is
involved in landmark-based navigation. Therefore, we hypothe-
size that the PPA is involved in scene categorization, and not
involved in any kind of navigation (i.e., visually guided or landmark
based).
Here, using fMRI multivoxel pattern analysis, we directly test

the hypothesis that the PPA is not involved in landmark-based
navigation, but rather is involved in recognizing the category
membership of scenes. Specifically, we scanned participants after
they learned the layout of a virtual town that consisted of a park
square surrounded by 8 buildings (Fig. 1A). There were 2
buildings on each corner of the town. Each building belonged to
a particular category: 2 coffee shops, 2 hardware stores, 2 gyms,
and 2 dentist offices. Importantly, the locations and facing di-
rections of any 2 buildings belonging to the same category were
dissociable from the category information (e.g., 1 gym was in the
northeast corner of the town, while the other was in the south-
west corner; Fig. 1A). If the PPA represents landmark infor-
mation, then it must be able to discriminate between 2 places of
the same category, and represent them as particular places in
distinct locations and facing directions. In contrast, if the PPA
represents general category information, then it will not repre-
sent the location or facing direction of a particular place, but
only the category membership of the place, as predicted here.

Significance

Humans are capable of many sophisticated behaviors. One
such behavior is using landmarks to navigate from one place to
another, distant place. This type of navigation, known as
landmark-based navigation, requires the navigator to extract
spatial information from places in the environment. Another
sophisticated behavior is recognizing the type of place one is in
and acting appropriately in that environment (e.g., recognizing
that you are in a kitchen, and thus making a cup of coffee). This
type of behavior does not rely on spatial information so much
as it relies on extracting cues related to the category mem-
bership of different places. Here we show that these complex
interactions with our environment, navigating between places
and recognizing them, are neurally dissociable.
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We contrast the patterns of responses within the PPA with the
patterns of responses in the RSC, a region established to be
involved in landmark-based navigation, and predict that the RSC
will show the opposite pattern of responses from the PPA.

Results
As predicted, the PPA contained information about the category
of buildings, not their locations or facing directions. Specifically,
a 3-level (Category, Location, Facing Direction) repeated-
measures ANOVA revealed a significant main effect of condi-
tion [F(2,26) = 3.73; P < 0.05; η2P = 0.22; Fig. 2C], with the
Category condition significantly greater than both the Location
and Facing Direction conditions (main effect contrasts, both
P’s < 0.05, d’s > 0.88), and no difference between Location and
Facing Direction (main effect contrast, P = 0.79; d = 0.10;
BF10 < 1). In contrast, the RSC contained information about the
locations and facing directions of the buildings, but not the
category. Specifically, a 3-level (Category, Location, Facing Di-
rection) repeated-measures ANOVA revealed a significant main
effect of condition [F(2,26) = 12.08; P < 10−3; η2P = 0.48; Fig. 2C],
with both the Location and Facing Direction conditions signifi-
cantly greater than the Category condition (main effect con-
trasts, both P values < 0.01, ds > 1.45), and no difference
between Location and Facing Direction (main effect contrast,
P = 0.07; d = 0.53; BF10 < 1). Next, since these results suggest a
functional dissociation between the PPA and RSC, we directly
tested this possibility by conducting a 2 (region of interest [ROI]:
PPA, RSC) × 3 (Condition: Category, Location, Facing Direction)
repeated-measures ANOVA. We found a significant ROI ×
Condition interaction [F(2,26) = 15.47; P < 10−4; η2P = 0.54], with
the PPA containing information about the category membership
of buildings, but not their locations or facing directions, and the
RSC showing the opposite pattern of response. This result reveals
a double dissociation between the responses in the PPA and RSC,
and thus suggests distinct neural systems involved in categorizing
scenes (including PPA) and representing navigationally relevant
information in the broader environment (including RSC).
In addition to the PPA and RSC, we also asked whether a

third scene-selective region of cortex, the occipital place area
(OPA) (23), contains information about the categories, loca-
tions, or facing directions of buildings. We did not expect OPA to
contain information related to scene categorization or landmark-
based navigation, since it is thought to instead support visually
guided navigation through the local environment, which is a kind of
navigation not tested here (12–15, 24, 25). As predicted, the OPA
does not contain information about the categories, locations, or
facing directions of the buildings. Specifically, a 3-level (Category,

Location, Facing Direction) repeated-measures ANOVA did not
reveal a significant main effect of condition in the OPA [F(2,26) =
0.19; P = 0.83; η2P = 0.01; Fig. 2C]. Finally, we conducted a 3 (ROI:
OPA, PPA, RSC) × 3 (Condition: Category, Location, Facing Di-
rection) repeated-measures ANOVA to test for the complete func-
tional dissociation among all 3 of the scene-selective regions. We
found a significant ROI × Condition interaction [F(4,52) = 4.80; P <
0.01; η2P = 0.27], with PPA containing information about the cat-
egory membership of buildings, but not their locations or facing di-
rections; RSC showing the opposite pattern of response; and the
OPA absent any of the information tested. This result reveals that the
OPA does not contain information relevant for scene categorization
or landmark-based navigation.
But might it be the case that the representation of scene category

information in the PPA is a result of the presence of common
objects on the facades of buildings from the same category? While
we do not think so because buildings from the same category do not
always share common objects (e.g., 1 coffee shop features a cup,
while the other features a coffee pot), and when the objects are of
the same type, they are not visually the same (e.g., the dumbbells
common across the 2 gyms are visually quite different), we none-
theless directly tested this possibility by analyzing the pattern simi-
larity in 2 regions of object-selective cortex: the lateral occipital
sulcus and posterior fusiform sulcus. If the building categories are
defined by the presence of objects, then these object-selective re-
gions should represent category information in a similar way to the
PPA. However, a 3-level (Category, Location, Facing Direction)
repeated-measures ANOVA did not reveal a significant main effect
of condition in either ROI (both P values > 0.25, η2Ps < 0.09; SI
Appendix, Fig. S1), thus confirming that the representation of scene
category information in the PPA is not simply a result of the
presence of common objects on the facades of buildings from the
same category.

Visualization of the Representational Spaces in the PPA and RSC. In
addition to the analysis presented here, in which we found evi-
dence that the PPA represents the category membership of the
buildings in a virtual town, but not their locations or facing di-
rections, while the RSC showed the opposite pattern of results,
we asked whether the representations of the buildings resembled
the actual map of the town in each region of cortex. First, we
applied multidimensional scaling to the dissimilarity matrix from
each region of cortex to derive 2-dimensional layouts of the
buildings from the virtual town (Fig. 3). We then correlated the
dissimilarity matrix from each ROI with the Euclidean distance
matrices derived from the actual layout of the buildings in the
town, and the layout of the buildings if they were clustered by

Fig. 1. (A) A bird’s eye view of the virtual town. (Note, participants never saw this map-like representation of the town.) The overlaid numbers correspond to
the buildings’ positions in space (e.g., buildings 1 and 2 are located in the northwest corner of the town, while buildings 2 and 3 both face south). The colors
of the numbered circles correspond to the category membership of the buildings, such that shared colors denote shared category membership. Each building
could be paired by location, facing direction, or category. (B) Frontal views of the buildings along with their corresponding numbers from Fig. 1A. Note that
none of the building pairings shared visual features, such as shape, size, or texture.
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category, respectively, and used permutation testing to quantify
the similarity between the ROI matrices and the Euclidean dis-
tance matrices (see Methods for more details). If the PPA rep-
resents the category membership of the buildings, but not
information about their locations or facing directions, then the
layout derived from the neural pattern of responses in the PPA
should not recreate the map of the town, but instead should
cluster the buildings based on their category membership. In
contrast, if the RSC represents the locations and facing direc-
tions of the buildings, then the layout derived from the neural
pattern of responses in the RSC should resemble the map of the
town. As predicted, we found that the building layout derived
from the PPA grouped the buildings by category membership
(r2 = 0.39; P < 0.05), and not by the actual map of the town (r2 =
0.08; P = 0.33). In contrast, the building layout from the RSC was
similar to the map of the virtual town (r2 = 0.68; P < 10−3), and
did not group the buildings based on their category membership
(r2 = −0.03; P = 0.53; Fig. 3). Finally, we found that the layout of
the distances between the buildings in the PPA was significantly
different from the distances between buildings in the RSC (z =
4.22; P < 10−4). The results from this analysis demonstrate that the
information represented in the PPA can be used to distinguish

between the kinds of places in an environment, while the in-
formation represented in the RSC is adequate for constructing a
navigationally useful map of the broader environment.

Discussion
We had participants learn the locations, facing directions, and
categories of different types of buildings in an unfamiliar virtual
town, and then used multivoxel pattern analysis to ask which
scene-selective regions of cortex contain navigationally relevant
information or category information. We found that the PPA
does not contain navigationally relevant information about the
locations or facing directions of the buildings, but instead con-
tains information about their category membership. In contrast,
another scene-selective region, the RSC, contains information
about the locations and facing directions of the buildings, but not
their category membership. This double dissociation suggests
that cortical scene processing can be divided into at least 2 sys-
tems: 1 involved in scene categorization, which includes the PPA,
and 1 for landmark-based navigation, including the RSC.
Our finding that the PPA contains information about the cat-

egories of buildings, but not information necessary for landmark-
based navigation, is consistent with 2 groups of prior studies. First,

Fig. 2. (A) The 8 × 8 z-transformed correlation matrices for PPA and RSC, averaged across participants. (B) The idealized matrices for each condition of
interest (i.e., Category, Location, and Facing Direction). (C) The beta weights obtained from each regressor, averaged across participants (referred to here as
Pattern Similarity). Asterisks indicate differences between conditions. Error bars are ± 1 SEM.
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our findings are consistent with reports that the PPA does not
process information necessary for yet another kind of navigation
(i.e., visually guided navigation), such as sense, egocentric dis-
tance, first-person perspective motion, and locations of obstacles
and boundaries (refs. 12–15, but see ref. 16 and 17), but instead
processes information that could be used for recognizing and
categorizing scenes (e.g., the relative lengths and angles that make
up the large extended surfaces in scenes) (26). Second, our find-
ings are also consistent with other studies in which the PPA was
found to be directly involved in scene categorization (e.g., recog-
nizing a place as a forest, not a beach) (18, 27, 28), but not visually
guided navigation (18). For example, Persichetti and Dilks (18)
found that the PPA was active when participants were asked to
categorize rooms as bedrooms, kitchens, or living rooms, but not
when asked to imagine navigating through those same rooms. The
results from Persichetti and Dilks (18), taken together with the
results from the current study, suggest that the PPA is not involved
in visually guided navigation through the immediately visible en-
vironment, nor in landmark-based navigation through the broader
environment, but is instead involved in recognizing the categories
of places (e.g., a city, coffee shop, or bedroom).
In contrast, our finding that PPA is involved in scene cate-

gorization is seemingly inconsistent with several other studies.
First, 2 fMRI studies found the PPA is not involved in scene
categorization (29, 30). In these studies, however, the authors
used distinctions such as natural and manmade, or ice caves,
which might not be the proper level of representation of category
information in the PPA. Thus, the question is not whether PPA is
involved in scene categorization but, instead, what is the level of
category information represented in the PPA. Second, our hy-
pothesis that the PPA is involved in scene categorization, but not
navigation, may seem inconsistent with neuropsychological
studies that report lesions to the parahippocampal cortex lead to
impaired navigational abilities (31, 32). However, there are no
reports of a lesion restricted to the PPA leading to such im-
pairments: all of the reports are from patients with lesions of the
parahippocampal cortex and/or retrosplenial cortex and/or hip-
pocampus. Third, one might argue that our hypothesis that the
scene processing system comprises distinct cognitive systems is at
odds with reports of connectivity among the PPA, RSC, OPA,
and hippocampus (33–35). However, our findings demonstrate
that the scene categorization system and navigation systems are
functionally dissociable, but that does not mean that they cannot
and do not interact. More work is needed to explore the func-
tional relevance of the connections between these brain regions.

Furthermore, the current findings are inconsistent with a
group of studies (5–8) claiming to show that the PPA responds
more strongly to objects that were previously encountered at
intersections (and thus navigationally relevant) than to equiva-
lent objects that were previously encountered in positions that
were not navigationally relevant. While these studies employed
clever experimental designs, they were also methodologically
flawed by not independently defining a region of interest in an
individual-subject analysis, not correcting for multiple compari-
sons in a group analysis, or both, thus leaving open the question
of whether (or not) the PPA represents objects positioned at
navigationally relevant decision points as landmarks. That said, a
similar study, which was not methodologically flawed, found that
the PPA responded more strongly to navigationally relevant
buildings than to buildings that were not navigationally relevant
(36). While this study both independently defined the PPA in an
individual-subject analysis and corrected for multiple compari-
sons in a group analysis, the inferences drawn from their results
are nonetheless still limited for 2 reasons. First, the authors
reported that in addition to the PPA, several other regions that
are often reported as responding to spatial information (e.g., the
RSC, frontal eye fields, and superior parietal lobule) were also
potentially sensitive to the navigational relevance of the build-
ings along the route. Therefore, it could be the case that the PPA
and these other regions responded more to navigationally rele-
vant buildings simply because there is more visuospatial in-
formation connected to buildings placed at intersections than
those placed where the route goes only 1 way. Second, it is
possible that the greater response to navigationally relevant
buildings in these regions is due to participants’ paying more
attention to buildings that are located in places where they are
actively making a decision versus when they are simply passively
“walking” by them. Thus, the interpretation that the PPA is in-
volved in landmark recognition because it responds to naviga-
tionally relevant buildings is tenuous, and it seems to be born out
of the assumption that if a region is scene-selective, then it must
be involved in navigation, which is unfounded.
Our finding that the RSC contains information about the lo-

cations and facing directions of the buildings is consistent with
several prior studies showing that the RSC is involved in navi-
gation through the broader environment (1, 19, 20, 37–39). In
these studies, the RSC was found to support several functions,
from recognizing landmarks and situating them in relation to
other places in the environment to orienting oneself to land-
marks while navigating. In the current study, the RSC contains
information about the locations and facing directions of build-
ings, both of which are represented in an allocentric frame of
reference. Prior studies have also shown that the RSC represents
scenes in an egocentric frame of reference. For example, the
RSC is sensitive to sense and egocentric distance information in
scenes (12, 15). Taken together, these results are consistent with
the hypothesis that the RSC integrates egocentric and allocentric
spatial information while learning the layout of a new environ-
ment, in the service of constructing a cognitive map of the en-
vironment and navigating large-scale environments (19, 20, 40).
Moreover, our findings that the RSC contains information

about locations and facing directions of buildings in a virtual
environment is a replication and extension of findings reported
by Marchette and colleagues (41). They reported that the RSC
represents locations and facing directions relative to artifacts
placed in corners of virtual museums. In their study, the layout of
artifacts within a museum was the same as the layout of the
buildings in our virtual town (i.e., 8 total artifacts placed on either
side of all 4 corners of the museum). Thus, we replicate their
findings in a broader environment (i.e., a virtual town) than the
environments used in their experiment (i.e., the inside of museums).
Finally, our finding that the OPA does not contain in-

formation about the locations, facing directions, or categories of

Fig. 3. The results of the multidimensional scaling analysis in each ROI. The
gray circles are in the positions of the buildings in the virtual town, while the
positions of the colored circles are the result of the multidimensional scaling
analysis. In the PPA, the colored circles do not correspond to the gray circles,
but rather are grouped more by category, while the colored circles are close
to the corresponding gray circles in the RSC map.
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buildings is consistent with the evidence that it is involved in
visually guided navigation (12–15, 18, 24, 25), but not scene
categorization (18). Furthermore, visually guided navigation
does not require representations of the locations of buildings
relative to one another, or their facing directions. Thus, the type
of navigation supported by OPA is dissociable from the type of
navigation supported by the RSC, which suggests that there are
at least 2 dissociable navigation systems: 1 system responsible for
orienting to the broader environment, including the RSC, and
another for visually guided navigation through the immediate
environment, including the OPA.
In conclusion, we found a double dissociation between the

multivoxel patterns of response in the PPA and RSC, with the
PPA containing information about the categories of buildings,
but not their locations or facing directions, while the RSC
showed the opposite pattern of responses. Our results suggest
that the PPA does not contain the spatial information that is
crucial for recognizing landmarks in the environment and ori-
enting to them, but instead contains information necessary for
categorizing places. Furthermore, our results suggest that corti-
cal scene processing can be divided into at least 2 systems, with 1
involved in scene categorization, including the PPA, and the
other for landmark-based navigation, including the RSC.

Methods
Participants. Fourteen healthy adults (aged 20 to 38 y; 8 women) were
recruited from the Emory University community. All participants gave in-
formed consent and had normal or corrected-to-normal vision.

Design.Weused a ROI approach, in whichwe localized scene-selective cortical
regions (Localizer runs) and then used an independent set of data (Experi-
mental runs) to investigate the multivoxel pattern in each ROI to each
building from our virtual town. Specifically, we correlated the patterns of
responses to buildings from the same location of town (e.g., 2 buildings in the
Northwest corner of the town), facing direction (e.g., 2 buildings facing
South), and category (e.g., 2 coffee shops) in each ROI.

For the Localizer runs, participants saw pictures of faces, objects, scenes,
and scrambled objects in a blocked design, as previously described (26). Each
run was 336 s long and consisted of 4 blocks per stimulus category. The order
of the stimulus category blocks in each run was pseudorandomized across
runs. Each block contained 20 pictures from the same category, with each
picture presented for 300 ms, followed by a 500-ms interstimulus interval,
for a total of 16-s blocks. We also included five 16-s fixation blocks: 1 at the
beginning; 3 in the middle, interleaved between each set of stimulus cate-
gory blocks; and 1 at the end of each run. Participants performed a 1-back
task, responding with a button press every time the same picture was pre-
sented twice in a row.

For the Experimental runs, participants completed 8 runs, each with an
average of 83 experimental trials and 18 trials in which the screenwas a blank
neutral gray screen. Each run ended with 8 s of a white central fixation cross
on a blank gray screen. Each run was 412 s long. The trial sequence was
generated using a de Bruijn sequence that was designed to order the trials
such that every stimulus preceded every other stimulus an equal number of
times (42, 43). On each experimental trial, an image of a building subtending
4° × 6° of visual angle appeared on the top half of a neutral gray screen
below the words “Imagine facing:” printed in white. After 1 s, another
building appeared below the first building, underneath the words “LEFT or
RIGHT?” Both buildings remained on the screen for 2 s, followed by 1 s of a
blank screen, for a total of 4 s per trial. On each trial, participants performed
a judgment of relative direction task, in which they imagined themselves
facing the top building, and then judged whether the bottom building
would be to the left or right side of their body, given their current facing
position. Two buildings that were directly across from one another in the
town were never paired during the experiment, since there would not be a
correct “left” or “right” answer on such trials. The judgment of relative
direction task required participants to mentally reorient themselves to a
particular building in each trial (41).

We used the Unity software (https://unity.com, Unity Technologies) to
create a virtual town that consisted of a town square surrounded on all sides
by city streets. There was 1 building on each outer edge of all 4 corners of
the streets, for a total of 8 buildings in the town (Fig. 1A). Each building was
of a particular type: 2 coffee shops, 2 hardware stores, 2 gyms, and 2 dentist

offices. Crucially, any 2 buildings that shared the same category, location, or
facing direction did not also share similar visual features, such as shape, size,
or texture (Fig. 1B). Before entering the MRI scanner, each participant ex-
plored the virtual town from a first-person perspective (SI Appendix, Fig.
S2A), learning the types of buildings and their locations. First, participants
freely navigated around the town by using the arrow keys on the computer
keyboard for 5 min. Next, they were dropped at a random point in the town
and were directed to navigate to a particular building (e.g., the northeast
gym). This was repeated 3 times for each building and took each participant
roughly the same amount of time to complete. Finally, each participant was
given a posttest in which they saw a frontal view of each building individ-
ually during each trial and was asked to identify either the category of the
building or its location (SI Appendix, Fig. S2B). Each run of the posttest in-
cluded 4 blocks: 2 blocks asking about category and 2 asking about location;
the “category” and “location” blocks alternated, and all buildings were
shown once during each block. All participants completed 2 runs of this
posttest, and all were 100% accurate on the second posttest.

fMRI Scanning. Scanning was completed on a 3T Siemens Trio scanner at the
Facility for Education and Research in Neuroscience (FERN) at Emory Uni-
versity (Atlanta, GA). Functional images were acquired using a 32-channel
head matrix coil and a gradient echo single-shot echo planar imaging se-
quence. Twenty-eight image slices were acquired for both the Localizer and
Experimental runs (repetition time = 2 s). These slices were oriented ap-
proximately between perpendicular and parallel to the calcarine sulcus,
covering the occipital and temporal lobes and the lower portion of the
parietal lobe (as in refs. 18 and 26). For all scans: echo time was 30 ms, and
voxel size was 1.5 mm × 1.5 mm × 2.5 mm, with a 0.25-mm interslice gap. For
each participant, whole-brain, high-resolution T1 weighted anatomical im-
ages were also acquired for anatomical localization.

Data Analysis. fMRI data analysis was conducted using the FSL software (44)
and custom MATLAB code. Before statistical analysis, data from both the
Localizer and Experimental runs were skull-stripped (45), motion corrected
using FSL’s MCFLIRT tool (46), and registered to a separate functional vol-
ume with the same slice prescription. Data from the Localizer runs were
spatially smoothed with a 6-mm kernel, whereas the Experimental runs were
not spatially smoothed. All data were fit with a general linear model (GLM)
that was high-pass filtered to remove low temporal frequencies. For the
Localizer runs, the GLM contained a covariate for each stimulus type (i.e.,
faces, objects, scenes, and scrambled objects). For the Experimental runs, the
GLM contained a covariate for each of the 8 buildings, and another for the
trials in which there was a blank screen. These covariates were convolved with
a double-gamma function to approximate the hemodynamic response func-
tion, and the temporal derivative of the response function was included to
correct for slice timing and timing delays in the hemodynamic response
function. The GLM for both the Localizer and the Experimental runs also in-
cluded nuisance covariates for times that were corrupted by large movements
(i.e., motion spikes), identified using FSL’s motion outlier tool. Finally, beta
weights associated with each covariate were extracted for further analyses.

After preprocessing, we functionally defined scene-selective ROIs bi-
laterally in each participant, using data from the Localizer runs. To ensure
that each ROI in each hemisphere consisted of an equal number of voxels in all
participants, we extracted the top 100 scene-selective voxels (defined as
voxels that responded more to scenes than objects in each participant) from
scene-selective parcels for PPA, RSC, and OPA that were defined using a
Group-Constrained Subject Specific Method in a separate group of 42 adults
(47). We then split the Experimental data into even and odd runs and sub-
tracted the grand mean (i.e., the mean response to all tasks) from each voxel
in each ROI in each participant. Next, we created an 8 × 8 matrix of all
pairwise correlations between the pattern of activation of voxels for each
building across the even and odd runs, and transformed the correlations into
Fischer z-scores (Fig. 2A). For each ROI, we then ran a linear regression model
that contained the correlation matrix as the dependent variable and a
separate idealized matrix for each condition of interest (i.e., Category,
Location, and Facing Direction) as regressors (Fig. 2B). Finally, repeated-
measures ANOVAs were performed on the neural responses for each ROI.
A 2 (ROI: PPA, RSC) × 2 (hemisphere: Left, Right) × 3 (condition: Category,
Location, Facing Direction, Category) repeated-measures ANOVA did not
reveal a significant ROI × Hemisphere × Task interaction [F(2,26) = 0.20;
P = 0.80; η2P = 0.02], nor did we find a significant interaction between
Hemisphere and Condition or ROI and Hemisphere (both P values > 0.77).
Thus, data from each hemisphere were collapsed. We also ran these same
analyses on 8 × 8 correlation matrices obtained by splitting the Experimental
runs into all 35 possible spilt-half combinations of the data and then averaged
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across them. The results of this analysis were similar to the results we found
when we split the Experimental data into even and odd runs (SI Appendix,
Fig. S3). In addition, a Bayes Factor (BF) was calculated for each pairwise
comparison between the 3 conditions of interest in each ROI when no sig-
nificant difference was reported to confirm that these results indeed fa-
vored the null hypothesis (48).

We further probed the representations of the buildings in the virtual
town in each ROI by attempting to reconstruct the layout of the town by
applying multidimensional scaling to the correlation matrix from each ROI.
Specifically, in each ROI, we first averaged the 8 × 8 correlation matrices
across participants, converted the average matrix into a dissimilarity matrix
by normalizing the values in the matrix between 0 and 1, and then sub-
tracting each value from 1, and finally applied multidimensional scaling on
the dissimilarity matrix. We also calculated the Euclidean distances be-
tween the buildings based on their actual locations in the town, and based
on a layout in which the buildings were grouped by category. We then
correlated the dissimilarity matrix from each ROI with the Euclidean dis-
tances between both the locations of the buildings in the town, and the
buildings grouped by category. To calculate the significance of the corre-
lations, we randomly shuffled the cells in each ROI dissimilarity matrix,

correlated the random matrix to each building layout matrix 25,000 times
to obtain a null distribution of correlations, and compared the correlation
between the unshuffled dissimilarity matrix and each building layout ma-
trix to this null distribution of correlations. Finally, we directly compared
the PPA to the RSC by first calculating a difference score in each ROI (i.e.,
the correlation between the dissimilarity matrix and the location-based
matrix minus the correlation between the dissimilarity matrix and the
category-based matrix), and then directly compared the difference scores
across ROIs.

Data Availability. The datasets generated during the current study are
available at https://osf.io/hcbdt/.
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