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1 | INTRODUCTION

Landmarks are objects in the environment that have a consistent rela-
tionship with specific locations (Epstein et al., 2017). In a spatial navi-
gation, the landmarks are crucial for efficient wayfinding (Fischer
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Abstract

Parahippocampal cortex (PHC) is a vital neural bases in spatial navigation. However,
its functional role is still unclear. “Contextual hypothesis,” which assumes that the
PHC participates in processing the spatial association between the landmark and des-
tination, provides a potential answer to the question. Nevertheless, the hypothesis
was previously tested using the picture categorization task, which is indirectly related
to spatial navigation. By now, study is still needed for testing the hypothesis with a
navigation-related paradigm. In the current study, we tested the hypothesis by an
fMRI experiment in which participants performed a distance estimation task in a vir-
tual environment under three different conditions: landmark free (LF), stable land-
mark (SL), and ambiguous landmark (AL). By analyzing the behavioral data, we found
that the presence of an SL improved the participants' performance in distance esti-
mation. Comparing the brain activity in SL-versus-LF contrast as well as AL-versus-
LF contrast, we found that the PHC was activated by the SL rather than by AL when
encoding the distance. This indicates that the PHC is elicited by strongly associated
context and encodes the landmark reference for distance perception. Furthermore,
accessing the representational similarity with the activity of the PHC across condi-
tions, we observed a high similarity within the same condition but low similarity
between conditions. This result indicated that the PHC sustains the contextual infor-
mation for discriminating between scenes. Our findings provided insights into the
neural correlates of the landmark information processing from the perspective of
contextual hypothesis.
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et al., 2020) which requires a variety of spatial skills to work together
(Wolbers & Hegarty, 2010). Distance estimation, one of the basic spa-
tial skills for the successful wayfinding (Persichetti & Dilks, 2016), is
believed to be benefited with the present of the landmarks (X. Chen
et al,, 2017; X. Chen et al., 2019). Studying the neural correlates of
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the landmark-based distance estimation is profound to deepen our
understanding to the human spatial navigation.

The parahippocampal cortex (PHC) is an important area for using
the landmarks. In human studies, the PHC was generally delineated as
the posterior section of the parahippocampal gyrus (Baumann &
Mattingley, 2021). A neural recording study in epilepsy patients
showed that the cells in the PHC had a high firing rate when the sub-
jects were viewing a landmark (Arnold & Johnston, 2003). Studies also
showed that the PHC was activated by salience objects from the sur-
rounding (Janzen & van Turennout, 2004; Ramanoel et al., 2020) and
was involved in reorientation using the landmark (Sutton et al., 2012).
Our previous meta-analysis, which encompassed 19 fMRI experi-
ments, showed that the PHC is involved in the navigational task using
the landmark-based strategy (Qiu et al., 2019). Although the activation
of the PHC was observed in landmark-based navigation, it is still
unclear about the specific functions of the PHC in processing the
landmark information.

The “contextual hypothesis,” which proposed by Aminoff et al.
(2013), may be suitable to explain the role of the PHC for landmark
information processing. The hypothesis indicates that the “landmark”
should be considered within the context, which is defined by the asso-
ciation between the object and destination (Chan et al., 2014). For
example, a library could be only defined as a landmark when our desti-
nation is located in the university campus rather than outside the
campus. According to the hypothesis, the PHC's involvement in con-
textual process is mainly manifested in two aspects: (i) The PHC activ-
ity is elicited in strong associated context than the weak one
(Baumann & Mattingley, 2016). For example, the landmark would
elicit the stronger PHC activity than nonlandmark object. (ii) The PHC
is involved in defining the important objects for navigation scene
understanding or landmark identification (Epstein & Vass, 2014). For
example, Marchette et al. (2015) found that the multi-voxel pattern in
the PHC decodes the familiar landmark from different views. The dif-
ference between information extraction and scene understanding is
that the latter only points out the landmark in the environment (Dilks
et al., 2021), while the former uses the reference of the landmarks for
navigation (Aguirre et al., 1996). However, barely evidence about the
contextual hypothesis is based on the spatial navigation task. Thus, an
empirical study is required to test the hypothesis from the spatial nav-
igation aspect.

In this study, we conducted an fMRI task called “Pick Up Sam” to
test the contextual hypothesis based on its two aspects. Participants
were requested to recall the distance after a short period of encoding
under three conditions: landmark free (LF), stable landmark (SL), and
ambiguous landmark (AL). The AL is an object that has the same
appearance with the landmark in SL condition, but its location is
inconstant during the navigation. Through introducing the AL
condition and using the LF condition as the baseline, we can make an
inference of the PHC's involvement between strong and weak object-
scene association by comparing the PHC activity of the SL-versus-LF
and AL-versus-LF contrasts. For testing scene understanding, we
assessed the representational similarity of the three conditions in the

PHC to see if its activity pattern could differentiate the conditions.

2 | MATERIALS AND METHODS

21 | Participants

Thirty-one right-handed healthy adult students and postgraduates
(twenty females, mean age = 20.6 years) were recruited for the pre-
sent study. The participants' eyesight was normal or corrected to nor-
mal. The study was approved by the Institutional Research Ethics
Committee of South China Normal University (SCNU). The partici-

pants signed consent forms before the study.

2.2 | Materials

We developed an experimental task “Pick Up Sam” as the distance-
estimation paradigm for measuring the distance perception of partici-
pants with or without a landmark (Bigel & Ellard, 2000). We referred
to the paradigms used in previous studies (Baumann et al., 2010; Chen
et al, 2020) to ensure that our task could measure the landmark-
based distance estimation. In the experiment scenario, the participants
drove a car to pick up a friend named Sam. In each trial, the location
of Sam was randomly assigned, and the participants were required to
remember and estimate the straight-line distance from a constant
start position to the location.

The task was presented in a 3D virtual environment (VE) which
was built with Unity 3D (version 2017, https://unity.com/). The VE
sceneries are built on a meadow of 200 m x 100 m (in unity meters)
with a 200 m long road running through it vertically. A car, a church, a
character, and a house were the 3D objects in the VE (Figure 1a). The
testing distance (TD) was defined as the length of the route from the
position of the car to that of the character down the road (Figure 1a).
The church served as the visual landmark. The house placed behind

the character served to emphasize the character's position.

2.3 | Procedure

First, the participants were trained outside of the scanner to familiar-
ize themselves with the task requirements. They went through a full
run of the “Pick Up Sam.” The participants were sent to the MRI scan-
ner after they confirmed they understood the task verbally. In the
scanner, the participants needed to complete three runs of the
experimental task.

LF, SL, and
AL. Throughout these conditions, the character was kept on the right

“Pick Up Sam” contains three conditions:

side of the road. The landmark (the church) was supplied to the partic-
ipants on the left side of the road in both SL and AL, but it was not
given to the participants in LF. In SL, the landmark was set 80 m away
from the starting point to make sure that it could be seen constantly.
In AL, the landmark was initialized in 80 m from the car, but its loca-
tion changed as the car hurtled away. In the fMRI scanner, each run
contained a total number of 30 trials, including 10 trials for each

condition.
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Task flow of “Pick Up Sam.” The picture depicts the construction of the scene and the task flow of a single trial. (a) 3D objects

used in a virtual environment. Sam and his house appeared on the right side of the road, while the church was on the left side. The red double-
sided arrow shows the testing distance that the participants needed to remember. (b) The task flow is presented in two folds, with landmark
(stable landmark and ambiguous landmark condition) or without landmark (landmark-free condition).

Figure 1b shows the task flow of an example trial. Each trial
began with a cue stage, which was a black screen with a white cross
in the middle of the screen and a texture to signify the condition
(“LF,” “SL,” or “AL”) for a duration of 3 s. This was followed by an
encoding stage in which the participants witnessed the entire scene
from a bird's-eye view for a duration of 5 s. Afterward, it was a
recalling stage, in which the participants' vision was altered to a third-
person view back from the car, and the car began autonomously
driving forward down the road. Meanwhile, the character and the
house vanished. The participants pressed a button to bring the car to
a halt on where they felt the character was and the screen would
appear to a scene for the feedback stage. In the feedback stage, the
participants' perspective switched to the character's third-person per-
spective. In this way, the participants could check if they had stopped
the car at the proper spot from this vantage point. The feedback stage
lasted 5 s before moving on to the next trial.

The data were recorded in each trial, including the identification
of the present condition, the length of TD, and the inaccuracy of the
estimated distance. The inaccuracy was measured by the absolute
value of the TD subtracting the estimated distance. To obtain a high
power in the effect detection, we binarized the TD into “shortTD”
and “longTD” when we programmed the task. The “shortTD” refers
to 30 < TD < 50 virtual meters, and the “longTD” to 50 < TD < 80 vir-
tual meters. In the analysis, this binary TD was used to examine the
effect on the behavioral and fMRI data.

2.4 | MRIdata acquisition

All imaging data were collected on a 3 T Siemens Prisma‘™ scanner
with a 64-channel phased-array head/neck receiver coil. The fMRI
data were obtained using a single-shot simultaneous multi-slice or
multiband gradient-echo EPI sequence with the following parame-
ters: repetition time (TR) = 1500 ms, echo time (TE) = 31.0 ms, flip
angle = 70°, slice acceleration factor = 3, field of view
(FOV) = 211 mm x 211 mm, data matrix = 88 x 88, slice
thickness = 2.4 mm  without inter-slice gap, voxel
size = (2.4 mm)®, anterior-to-posterior phase encoding direction
(A> > P), and 60 interleaved slices covering the whole brain. The
functional images were acquired while the participants were per-
forming the task. To correct for susceptibility-induced geometric
distortions and signal loss in the acquired functional images, we
also acquired the field map of the whole brain by using a double-
echo FLASH sequence with the following parameters:
TR = 620 ms, TE1/TE2 = 4.92ms/7.38 ms, flip angle = 60°,
FOV = 211 mm x 211 mm, voxel size = (2.4 mm)?, and 60 axial
slices. In addition, high-resolution brain structural images were
acquired using a T1l-weighted 3D MP-RAGE sequence with the
following parameters: TR = 1800ms, TE = 2.07 ms, flip
angle = 9°, slice thickness = 0.8 mm, FOV = 256 mm x 256 mm,
data matrix = 320 x 320, voxel size = (0.8 mm)?, and 208 sagittal

slices covering the whole brain.
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2.5 | Functional data preprocessing

The data sets from two participants were discarded due to their head
motion during scanning (mean FD > 0.2 mm and max FD > 5 mm).
Thus, a total of 29 participants' data were used in the following statis-
tics. Functional images were preprocessed using fMRIPrep (ver
20.1.1) (Esteban et al., 2019). The steps included: (1) signal distortion
correction with fieldmap, (2) slice-time correction, (3) head-motion
correction by six parameters, (4) resample into a (2 mm)® standard
MNI space, (5) spatial smoothing with an isotropic, Gaussian kernel of
6 mm full-width half-maximum, and (6) motion artifacts removal using
ICA-AROMA. The images without spatial smoothing and ICA-AROMA
were also obtained for performing representational similarity analysis
(RSA). Afterward, a high band pass-filter of 1/100 Hz and denoising
the confounds from the preprocessed fMRI images were conducted
(https://github.com/
arielletambini/denoiser). The confounds included the signals of brain

using an open-source python script

white matter and cerebrospinal fluid.

2.6 | Behavioral analysis

The inaccuracy of distance estimation was initially log-transformed to
shape its distribution to a normal distribution. The influence of task
conditions (three levels: SL, AL, LF) and TD (two levels: shortTD and
longTD) on the inaccuracy was estimated using a linear mixed-effect
model (LMM). The task conditions, TD and their interaction were
introduced as the fixed effect in the LMM, and the random intercep-
tion of each participant was introduced as the random effect in the
LMM. The key feature of the landmark-based distance estimation is
about using the external ref provided by the landmark (X. Chen
et al., 2019). Thus, the participants' estimation to the distance was
expected to be more precise with the present of a landmark relative
to the LF condition. The LMM parameters were estimated using the

ImeTest package (Kuznetsova et al., 2017) in R language.

2.7 | Univariate statistical analysis for the
fMRI data

We examined the PHC activity in different contexts using general lin-
ear model (GLM) with parametric modulations. The encoding stage
reflects the encoding of the distance with or without a landmark, and
the recalling stage represents the maintaining of the information, as
the working memory. Therefore, we modeled the brain activity in
encoding (GLM1) and recalling stage (GLM2), respectively. We focus
on the effect of the landmark, so the LF condition was chosen as the
baseline.

For GLM1, the first-level analysis included 10 regressors: r1-r3
were the main effect of each condition in the encoding stage; r4-ré6
were the modulatory effect of the TD length in each condition in the
encoding stage; r7-r10 were the main effect of the recalling stage,

cue stage, feedback stage, and ending stage. The modulation effects,

r4-r6, modeled the changes in brain activity with TD length and
directly reflected the encoding of the distance information.

For GLM2, the first-level analysis was built similarly to GLM1,
except for the switch from the encoding stage to the recalling stage.
In particular, the 10 regressors were as follows: (r1-r3) were the main
effects of three conditions in recalling stage; (r4-ré) were the modula-
tory effects of TD length in the corresponding condition in recalling
stage; and the encoding, cue, feedback, and ending stages were (r7-
r10). We used the modulatory of TD to model the maintaining of the
distance information.

The “short TD” was labeled as 1, and the “long TD” as 2 for
modeling the brain activity increased with the distance length. All
modulatory regressors were set to orthogonalize to their constant
regressor manually. For instance, the modulation effect in the LF con-
dition was orthogonalized to the main effect of the LF condition.

In the group-level analysis, we assessed the SL-versus-LF contrast
(SL > LF) with respect to the modulation effects. As a control, we also
estimated the AL-versus-LF contrast (AL > LF) to see if the PHC
would be activated by a nonlandmark object. The group-level analyses
for the GLM1 and GLM2 were conducted under the same pipeline,
which was as follows: The estimations of the brain activation from the
first-level analysis were assembled and a paired t test was conducted
to determine the significant brain activity throughout the whole brain.
The statistical threshold was set at the voxel-level p <.001 (uncor-
rected for multiple comparisons) with a cluster size 220 voxels.

Our consideration for comparing the modulatory effects rather
than the main effects were twofold: First, the behavioral analysis esti-
mated impact of the interaction between the task condition and TD
to the participants' judgment. Thus, using the modulatory effects in
the GLMs allowed us to optimize the comparability between the
behavioral and brain activity results. Second, the SL/AL condition has
a landmark, but the LF condition does not. Thus, the effect may inter-
ference by the visual effect if comparing the main effect directly.

To obtain more power for detecting the PHC activity, we also
conducted a small volume FWE correction for the group-level infer-
ence in the bilateral PHC masks. The PHC masks were defined based
on the Human Brainnetome Atlas (Fan et al., 2016), including the left
PHC (120 voxels, MNI: —19, —12, —30) and right PHC (179 voxels,
MNI: 19, —10, —30).

In addition to the voxel-wise approach, we also performed an
ROI-based analysis to directly compare the activity in the PHC across
different conditions by using a repeated measures ANOVA. To begin,
the left and right PHC masks were defined according to the Human
Brainnetome Atlas (Fan et al., 2016), and the beta-value estimated by
the first-level GLMs was transformed into a z-value by Fisher's z-
transformation. Then, to obtain the PHC activity, we extracted the z-
values of the modulation effect and averaged it within the PHC
masks. Finally, the repeated measures ANOVA was performed to
assess the differences in the PHC activations across the conditions.
The pair-wise difference was assessed using a paired t test corrected
by the Holm method (Holm, 1979). The ROI-based analysis was con-
ducted separately for each ROI (left and right PHC) and GLM (GLM1
and GLM2).
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The first- and group-level GLM analysis were performed using
FSL/Feat software (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FEAT). The
repeated measures ANOVA and pairwise comparison were conducted
by R package ggstatsplot (Patil, 2018).

2.8 | Representational similarity analysis

To test whether the PHC contributed to scene understanding, we per-
formed an ROI-based RSA. The PHC needed to meet two criteria to
be determined whether it “knows” the scene: (1) It would have to be
sensitive to the identification of the scene. And (2) it would be able to
identify whether an object is navigationally relevant. Thus, we
designed the hypothetical scene-specificity representational dissimi-
larity matrices (SRDM, Figure 2 left panel) to characterize the similarity
pattern according to the scene understanding. sSRDM had high similar-
ity when representing the same condition and low similarity when
representing different conditions.

To determine the specificity of the PHC in scene understanding,
we introduced two additional RDMs that were unrelated to scene
understanding. (i) a visual-specificity RDM (VRDM, Figure 2 middle
panel) to describe visual processing: We assumed that the vRDM
would have a high similarity between SL and AL because they had an
identical object (the church) in the scene and (ii) the task-specificity
RDM (tRDM, Figure 2 right panel) to describe the contexts of the task
demand. We assumed that the tRDM had a high similarity between
the LF and AL conditions because they had an identical task demand
(“distance estimation without landmarks”).

To obtain the neural activity in different conditions using RSA, we
reran the first level of the GLM1 with unsmoothed fMRI data. We
used the GLM1 instead of the GLM2 because the landmark identifica-
tion occurs at the beginning of the navigation (R. A. Epstein &
Vass, 2014). The main effects of each condition, instead of the modu-
lation effects, were used as the inputs the activity pattern for RSA
because the distance length was not necessary for the landmark
recognition.

The first-level analysis of the ROI-based RSA was performed as
follows: First, the beta value for each voxel within the ROl was
extracted for each condition across three runs, resulting in a neural

activity matrix of nine rows and N,y columns. Then, we calculated

run1 run2
s

the pairwise Pearson's correlation between each row of the neural
activity matrix to obtain a 9 x 9 representational similarity matrix
(RSM). The correlations in the RSM were transferred into the correla-
tion distance (1 — r) as a measure of the neural RDM, and the repre-
sentational similarity between the neural RDM and each theoretical
RDM was estimated by the Pearson's correlation. In the group-level
analysis, a nonparametric permutation test was performed on the
first-level representational similarities to determine whether the rep-
resentational similarity was significantly greater than 0 (5000 permu-
tations). Then, the p values from the permutation test were corrected
by the Bonferroni multiple comparisons correction (six comparisons:
three RDMs x two ROIs).

A whole-brain searchlight was also performed to explore the
similarity pattern by a data-driven method. The searchlight was
conducted with a 4 mm radius sphere within the brain grey matter,
which was defined by FSL's standard mask, and separated by each
RDM to obtain the whole-brain RSA maps. Then, the RSA maps
were transformed by Fisher's z value and smoothed by a 4 mm full-
width half-maximum kernel. Afterward, the RSA maps were assem-
bled for group inference using one-sample permutation test and
FWE correction for multiple comparison correction. The RSA esti-
mation software was provided by the R-package rMVPA
(Buchsbaum, 2019).

3 | RESULTS

3.1 | Behavioral results

The median of the participants' recalling distance was 47.42 m, and
the median of inaccuracy was 2.57 m (Figure Sib,c). LMM analysis
found the interaction effect of the task condition and TD had a signifi-
cant influence on the inaccuracy of estimation (Table S1). Specifically,
for the LF and AL conditions, the inaccuracy of estimation in the long
TD was significantly higher than that in the short TD (LF: ty740 = 7.46,
Pgonferroni < -001; AL: ty758 = 6.07, Pgonferroni < -001, Figure 3). Mean-
while, the inaccuracy of estimation in the SL condition was signifi-
cantly lower than that in the LF and AL conditions for long TD
(SL > LF: ty759 = —7.09, Pgonferroni < -001; SL > AL: ty754 = —6.32,
PBonferroni < -001, Figure 3).

LF SLAL LF SLAL LF SL AL

Representational similarity . High l:\ Low

FIGURE 2 |lllustration of [ AL
predefined representational run3{ SL
dissimilarity matrices (RDMs). L LF
These RDMs were used to detect r AL
the pattern similarity in the run2{ SL Within,rtin
. L similarity
representational similarity L LF
analysis (RSA). The blanks in each [ AL
matrix stand for the within-run runt{ sL| Within run
T . . . similarity
similarity which were omitted in L LF

Within run
similarity

the RSA because we focused on
the between-run similarity.

Scene-specificity RDM

Visual-specificity RDM Task-specificity RDM
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3.2 | Brain areas related to distance encoding

Figure 4a shows the brain clusters with significant activity for the SL-
versus-LF contrast in the encoding stage. Two clusters were observed
in the anterior and posterior left PHC (anterior: cluster size = 55 vox-
els, peak z-value = 4.24; posterior: cluster size = 31 voxels, peak z-
value = 3.98). We also obtained two widespread clusters centering in

the left lingual gyrus (cluster size = 1569 voxels, peak z-value = 5.63)
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FIGURE 3 Inaccuracy of estimation in different conditions with

different lengths. The inaccuracy of estimation is grouped by the task
condition (landmark free [LF], stable landmark [SL], and ambiguous
landmark [AL], the x axis) and distance length (short and long). The
outsize dots represent the mean value of inaccuracy of estimation in
its group. The vertical line through the box shows the range of the
inaccuracy, and the horizontal line in the box represents the median
of the data. The border of the box shows the interquartile range of
the data which the upper border stands for the 75th percentile and
the lower border for 25th percentile. The statistical significance of the
difference between groups is marked above the dots. “***,”

p value < .001 after Bonferroni correction

Left PHC
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Left PHC
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z-value q : :
0 2 4

Left Hippocampus
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and right occipital lobe (cluster size = 1490 voxels, peak z-
value = 6.12) which showed a stronger response in the encoding than
in the recalling stage. Using a small volume correction with the bilat-
eral PHC masks, we identified two clusters located in the anterior and
posterior left PHC (anterior: cluster size = 21 voxels, peak z-
value = 4.22; posterior: cluster size = 7 voxels, peak z-value = 3.67).
For the AL-versus-LF contrast, we identified a cluster with signifi-
cant activity in the right lingual gyrus (cluster size = 26 voxels, peak z-
value = 3.79) in the encoding stage. No significant clusters were

observed for the bilateral PHC masks after small volume correction.

3.3 | Brain areas related to information
maintaining

Figure 4b shows the clusters with significant activity for the SL-ver-
sus-LF contrast in the recalling stage. We did not observe significant
activity in the PHC but found three clusters with significant activity in
the left hippocampus (cluster size = 29, peak z-value = 4.24), right
middle frontal cortex (cluster size = 392, peak z-value = 4.93), and
right cingulate gyrus (cluster size = 85, peak z-value = 4.11). We also
observed responses of the bilateral retrosplenial cortex in a vast clus-
ter (cluster size = 3465, peak z-value = 5.61).

For the AL-versus-LF contrast, we found a cluster with significant
activity in the left middle temporal gyrus in the same stage (cluster
size = 110 voxels, peak z-value = 3.93). No significant cluster was

identified after small volume correction.

3.4 | PHC activation across conditions

The average activity in the left PHC was significantly different across
conditions in the encoding stage (F = 5.42, p < .01, ;12 =0.16, 95%
Cl = [0.02, 0.33]), and a pair-wise comparison showed higher activa-
tion in the SL condition than in the LF and AL conditions (Figure 5b).

FIGURE 4 Significant areas
obtained from the stable
landmark (SL)-versus-landmark-
free (LF) contrast based on
general linear models (GLMs). The
brain areas with significant
activation with respect to the
modulation effect of testing
distance in the SL > LF contrast
are indicated by blue circles.

(a) Significant activations in the
distance encoding stage and

(b) the recalling stage. The color
bar indicates the z-values for the
4 voxels.
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No significant difference was observed in the right PHC across 4 | DISCUSSION

conditions.

We detected that the PHC activation differed significantly across
conditions in the recalling stage, for either the left side (F = 8.28,
p < .01, 52 = 0.23, 95% ClI = [0.05, 0.40]) or the right side (F = 3.93,
p =.02, ;12 =0.12, 95% Cl = [0.00, 0.28]). The left PHC's activation in
the SL condition was higher than that in the AL condition. Also, the
right PHC's activation was higher in the SL condition than in the LF
condition (Figure 5c).

3.5 | Similarity patterns between neural response
and theoretical RDMs

For the ROI-based RSA, Figure 6a shows that the sSRDM significantly
accounted for the pattern similarity in the left PHC (similarity = 0.01,
95% ClI = [0.008, 0.015], pgonferroni = -018, Cohen's d = 0.6) but not
for the VvRDM (similarity = 0.03, 95% Cl = [0.013, 0.043],
PBonferroni = -366, Cohen's d = 0.36) or tRDM (similarity = —0.01,
95% Cl = [-0.025, —0.003], pgonferroni = 1, Cohen's d = —0.24). The
activity pattern in the right PHC did not show significant similarity
with any of the RDMs.

The whole-brain searching again showed the pattern similarity in
the left PHC could be accounted by the sRDM rather than the other
two RDMs (Figure 6b). We found that the sSRDM also explained the
neural pattern in parietal cortex, fusiform gyrus, and occipital cortex.
The pattern in the occipital cortex was explained by the vRDM. No
cluster was detected with the tRDM. The detailed information for sig-
nificant clusters in the whole-brain searching RSA is listed in
Tables S3 and S4 (Supplementary Materials).

The current study tested the contextual hypothesis for the PHC's
involvement in using the landmark-based strategy with a novel dis-
tance estimation task named “Pick Up Sam.” The participants com-
pleted a series of distance estimations under three conditions: LF, SL,
and AL conditions. We found that the inaccuracy of estimation was
lower in the SL condition compared with the other two conditions
when the participants recalled a relatively long distance. The fMRI
data showed the PHC was activated by the SL condition when encod-
ing the distance, but not by a the AL condition. Further, the represen-

tation of the task conditions was encoded differently in the PHC.

4.1 | Thelandmark improves the distance
estimation

The behavioral analysis showed that the presence of an stable
land will increase the accuracy in the distance estimation (Figure 3),
indicating that the participants indeed used the landmark to assist
their distance estimation. This result is consistent with that of previ-
ous studies (Ekstrom et al., 2018; Gramann et al., 2017; Janzen &
Jansen, 2010; Kapaj et al., 2021). Specifically, the landmark seems to
suppress the accumulating path integration errors which refers the
declined accuracy in distance estimation and orientation over the long
distance (Heinze et al., 2018).

Indeed, we found that the suppression of the accumulating error
by the landmark was more obvious over a relatively long TD (>50 m,
Figure 4) than a relatively short distance (£50 m in our task). The
interaction of distance and condition may suggest the reference of a
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FIGURE 6 Pattern similarity in the ROI-based and searchlight representational similarity analysis (RSA) analyses. (a) The ROI-based RSA result
in the parahippocampal cortex (PHC). The y axis shows the pattern similarity (Pearson's correlation) between the neural activity within the PHC's
ROI and three theoretical representational dissimilarity matrices (RDMs). The x axis shows the identifications of the theoretical RDMs. “*” p < .05
after Bonferroni correction. (b) The significant clusters obtained from the whole-brain searchlight RSA (p < .05 with the FWE correction). Clusters
in different colors indicate the results corresponding to specific RDM. “sRDM” stands for the scene-specificity RDM, “vRDM?” for visual-

specificity RDM, and “tRDM” for task-specificity RDM

landmark would drop to the baseline (LF condition) when the destina-
tion is too far away from the landmark. Studies also showed that the
spatial reference provide by a landmark is available where the target
is located nearby (Manley et al., 2021), and the landmark-goal integra-
tion would breakdown when the distance between them is too large
(Jetzschke et al., 2017).

42 |
strategy

PHC activity and the landmark-based

We observed an increased activity of the left PHC in SL-versus-LF
contrast but did not find the identical effect in AL-versus-LF contrast
in the distance encoding phase (Figure 4a). This result is in line with
the contextual hypothesis which suggests that the strong context
rather than the weak context would elicit the activity of the PHC
(Aminoff et al. 2013). In “Pick Up Sam,” the spatial association
between the SL and destination is stronger than that between AL and
destination. The PHC activation in landmark context may reflect its
involvement in encoding landmark reference for navigation, which is
consistent with the previous study showing that the PHC encoded
the target position with landmarks (Sommer et al., 2005; Wegman
et al., 2014).

In the recalling stage, we found significant activity difference in
the PHC for the SL-versus-LF contrast from the ROI-based GLM anal-
ysis (Figure 5c) but not from the voxel-wise GLM analysis (Figure 4b).
This discrepancy may be resulted from the different detection sensi-
tivity or statistical power between the two approaches. Thus, we are

unable to conclude that the PHC involves in maintaining information.

4.3 | PHC's involvement in scene understanding

The RSA revealed that the representation of task conditions was
encoded differently in the PHC (Figure 6). Ruling out the possibilities
about visual processing (vRDM) and task processing (tRDM), the RSA
results revealed that the PHC represents the contextual information
about the current scene which suggests the PHC could identify the
landmark from the surroundings. This finding is consistent with the
previous studies showing that the PHC participates in identifying
layout-defining scene features (Mullally & Maguire, 2011), and encod-
ing navigationally relevant objects (Janzen & van Turennout, 2004).

It is worth to note that the whole-brain searching revealed that
the scene-categorization effect was detected in the posterior PHC,
which refers to the parahippocampal place area (PPA) in a prior study
(Epstein & Kanwisher, 1998). Studies showed that the PPA was a criti-
cal area to scene-categorization (Julian et al., 2017; Troiani
et al., 2014). However, we did not localize the PPA in the current
study. Therefore, we must be careful in interpreting the RSA result in
the function of the PHC instead of the PPA.

Combining the results from the GLMs and RSA, our findings sup-
ported the contextual hypothesis, which proposes the PHC partici-
pates in identifying the landmark-scene association and binding their
information in as a context while the hippocampus maintains the
landmark-destination association in working memory to guide the
navigation. Furthermore, we found the anterior part of the PHC domi-
nated the information extraction (Figure 4a) while its posterior part
participated in scene understanding (Figure 6b), which may suggest
functional segregation along the anterior-posterior or axis, as the pre-
vious studies (Aminoff et al., 2007; Baumann & Mattingley, 2021).
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4.4 | Extra PHC contributions to the landmark
information processing

The PHC activity obtained from GLM and RSA provides the evidence
to test the contextual hypothesis. We observed significant activity in
other regions beyond the PHC from the GLMs and RSA, such as the
hippocampus, medial prefrontal cortex (mPFC), lateral occipital cortex
(LOC), and the lingual and fusiform gyrus, in the landmark-based dis-
tance estimation.

The hippocampus and mPFC all showed increased activity for the
SL-versus-LF contrast throughout the recall stage (Figure 4b). The hip-
pocampus is considered as the center for processing of spatial work-
ing memory (Baddeley et al., 2011), and the mPFC was found in
recalling the target location (Patai & Spiers, 2021). These regions were
found to compose a network in response to the proximity of the goal
(Viard et al., 2011). Previous studies showed that their connectivity
supported the memory retrieval in navigation (Liu et al, 2018;
Zielinski et al., 2020). Therefore, the activation in the hippocampus
and mPFC may reflect the higher memory load in the landmark condi-
tion, which the participants needed to keep the information from both
the landmark and goal.

From GLM1 and GLM2 analyses, we found significant activity in
the LOC in response to the SL-versus-LF contrast (Figure 4b,c), which
is a major area for visual object processing (Nagy et al., 2012). When
we performed an ROI-based GLM analysis in the occipital place area
(OPA), which is a scene-selective region in the LOC, we detected no
significant difference in activation in the OPA between different con-
ditions in the encoding stage (Figure S2 in the Supplementary Mate-
rials). This discrepancy may reflect the functional specificity of the
PHC in the landmark-based distance estimation. However, the con-
textual hypothesis assumes that the LOC may couple with the PHC to
form a network for processing the context (Aminoff et al., 2013), and
study revealed that the PHC had widespread connections with the
occipital areas (Baldassano et al., 2013; Baldassano, Esteva, Li & Beck,
2016). Therefore, we infer that the LOC and the PHC may work
together to accomplish the landmark information processing in the
distance estimation, which could be tested with a connectivity
method in future study.

The lingual and fusiform gyrus had significantly activation from
both GLMs (Figure 4) and RSA (Figure 6b). Previous studies suggested
that the increased activity in these regions may be related to paying
attention to a landmark (Janzen & Jansen, 2010; Janzen &
Weststeijn, 2007). Also, the lingual and fusiform gyrus were found to
be involved in the size perception for 3D objects (Weidner
et al,, 2014). In “Pick Up Sam,” the optic flow is the only internal cue
that the participants could use for the distance estimation. Thus, we
infer that these regions may be recruited by the demands of visual

information processing.

4.5 | Distance estimation-related brain activity

The distance estimation may involve some other regions which were

detected using GLM2 (the recalling stage). We found that the activity

of the LOC and retrosplenial cortex (RSC) in the recalling stage
(Figure 4b), which suggests these regions were recruited by the dis-
tance estimation. Previous study showed that the LOC participates in
selecting the objects that are salient to a goal (Dilks et al., 2013). Per-
sichetti and Dilks (2016) found that the LOC and RSC are sensitive to
the egocentric distance. In the recalling stage, the participant was
viewing the scene from a third-person perspective back from the car,
which could be seen as an egocentric reference. A previous study
found that the RSC was activated in the translation transformation of
viewpoint, making the information available from the various perspec-
tive (Lambrey et al., 2012). Therefore, the RSC may be involved in
transforming the distance information from the allocentric reference

to the egocentric referen.

5 | LIMITATION AND CONCLUSION

The main limitation of the current study was that we only measured
distance knowledge as an index of the participants' navigational per-
formance using a distance estimation task. Distance knowledge which
reflected by the accuracy in distance estimation is important for spa-
tial navigation (Ishikawa, 2021); however, it only partially reflects navi-
gational ability. To get a full picture of landmark-based navigation,
future studies would benefit from utilizing broader measurements of
navigational performance, such as direction sense, reorientation, or
the wayfinding process.

The lateralization of the brain areas in spatial navigation was
observed in our study. The effects in the left PHC were identified in
either the univariable analysis, or the RSA, while no effect was
detected in the right PHC. The lateralization is often seen in spatial
navigation (Epstein et al., 2017; Igléi et al., 2010). In our previous
meta-analysis, we found the existence of lateralization among 47 fMRI
studies in spatial navigation (Li et al., 2021). However, to discuss the
lateralization is out of the scope of the current study, and we hope a
future study could dig into this topic.

In conclusion, we studied the role of the PHC in landmark infor-
mation processing based on the contextual hypothesis with a
navigation-relevant task named “Pick Up Sam.” The presence of the
landmark enhanced the participants' performance in distance judg-
ment. The PHC was activated by the landmark, not the nonlandmark
object when encoding the distance. However, we did not identify the
activity of the PHC in information maintaining. When assessing the
multi-voxel pattern similarity, we found the neural activity pattern in
the PHC identified the task conditions, suggesting that the PHC could
clarify the very scene of the experiment and recognize the landmark
in the environment. Our study provided evidence for supporting the
contextual hypothesis in explaining the PHC's involvement in the
landmark-based distance estimation.
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