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Individual differences in navigation skill: S

towards reliable and valid measures
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Abstract

Even though successful navigation is vital for survival, individuals vary widely in their navigation skills. Research-

ers have examined the correlates of such variation using a wide variety of paradigms. However, we know little

about the relation among the paradigms used, and their validity for real-world behaviors. In this study, we assessed
94 young adult participants’encoding of environmental features in one real-world and two virtual environments

(or paradigms), using a within-subjects design. Each paradigm involved building a map from memory and pointing
to the location of objects while standing at different locations in the environment. Two of the paradigms also used

a route efficiency task in which participants aimed to take the shortest possible path to a target object. Factor analysis
showed shared and unique variance in individual’s performance associated with each paradigm. Mental rotation

and perspective taking tasks correlated with navigation performance differently for different paradigms. The data
suggest that (1) virtual measures correlate with real-world ones, (2) the specific tasks used (pointing, map building,
shortest route finding) are less important than the paradigm, and (3) there is common variance (i.e,, shared individual
differences) across paradigms. However, there is also unique paradigm-specific variation. Future research should use
multiple paradigms to achieve reliable and valid assessments, ideally with shorter tasks for each.

Significance statement

Some people seem never to get lost, whereas others seem never to know exactly where they are, even in familiar
territory. To understand the roots of these differences, and how to support poor navigators to develop better skills,
we need to measure their ability. However, it is unclear whether we can assess navigation ability as a single dimen-
sion or whether there are several relevant dimensions, if skill(s) are uniform across environments, and whether virtual
assessments relate to real-world behavior. Here, we evaluate these issues and provide evidence that, while navigation
ability reflects important paradigm-specific contextual variance, there is also common variance at the paradigm level,
including virtual and real-world. This finding suggests a common underlying cognitive component of spatial naviga-
tion that generalizes between paradigms but that is not fully explained only by the paradigm'’s environments, modali-
ties (e.g., virtual or real-world), or tasks. Future work should use more than one paradigm to ensure reliable and valid
measures.
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Introduction
Navigating from place to place is a basic cognitive func-
tion that we use in a variety of contexts, from walking
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research is identifying the variables that might interact to
produce individual patterns of navigation (e.g., Meneghe-
tti et al,, 2021; Wolbers & Hegarty, 2010). However, there
are many different paradigms, all aiming at evaluating
navigation behavior. Yet, there has been little research
on whether there is consistency across paradigms, and
whether inferences can be drawn from one study to
another and to real-world behaviors (Newcombe et al.,
2023). Lack of consensus greatly reduces the growth of
knowledge. Shared measures would be useful for a range
of aims from early detection of Alzheimer’s disease (Alli-
son et al., 2016) to evaluation for pilot training.

Two well-explored distinct factors that may be required
in real-world navigation are the skill to identify objects in
rotated views (mental rotation; MRT) and to adopt dif-
ferent perspectives (perspective taking; PTT) (Hegarty
& Waller, 2004; Wolbers & Hegarty, 2010). However,
although mental rotation correlated with performance
in route-learning (Galea & Kimura, 1993) and a variety
of other navigation paradigms (e.g., Blajenkova et al,
2005; Moffat et al., 1998; Pazzaglia & DeBeni, 2006; Sauc-
ier et al., 2002), a review by Hegarty and Waller (2005)
showed that MRT-navigation correlations are often not
statistically significant. There is stronger support for the
necessity of perspective taking in many navigational tasks
(e.g., Allen et al.,, 1996; Fields & Shelton, 2006; Hegarty
& Waller, 2004; Kozhevnikov et al., 2006; Muffato et al.,
2020). Thus, though MRT and PTT are sometimes
treated as a single latent factor (i.e., “visuospatial skills”)
distinct from navigational measures (Hegarty et al., 2006;
Meneghetti et al., 2021), MRT and PTT may variably
affect navigation performance.

Another factor of interest in the field is whether people
can accurately report their own navigational skills. Reli-
able and valid self-report measures of navigation could
circumvent the resource demands of navigation testing
(Weisberg et al., 2014). There are different kinds of self-
report measures, including sense of direction (Hegarty
et al., 2002, 2006; Kozlowski & Bryant, 1977; Sholl, 1988)
and awareness of strategy and learning preferences
(Brunec et al., 2018; Muffato et al., 2022; Pazzaglia & De
Beni, 2001).

To study navigation behavior, subjects often learn an
environment, with spaces ranging from open fields to
enclosed mazes, and are tested on what they learned.
This combination of environment, learning, and test-
ing characteristics forms a paradigm. If navigation
behavior measures a single underlying cognitive fac-
tor, there should be a significant degree of shared indi-
vidual patterns of behavior across paradigms. Another
possibility is that navigation behavior is explained by
two factors rather than one, and that measures should
be selected based on the nature of this dichotomy. One
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such two-factor explanation could have to do with the
layout of the environment. For instance, large- versus
small-scale or gridded versus non-gridded layout may
differ from each other (Peer et al., 2021, 2024). Humans
navigating in large open environments show behaviors
consistent with using maps that include metric informa-
tion, while humans navigating in confined and complex
environments behave as if they are using non-Euclidean
representations of space (Chrastil & Warren, 2014; Doner
et al.,, 2023; Ericson & Warren, 2020; He & Brown, 2019;
Moeser, 1988; Muryy & Glennerster, 2018; Zetzsche
et al., 2009).

Another two-factor explanation is that there are sepa-
rable factors for real-world versus desktop virtual envi-
ronments (VE) or video-based navigation (Hegarty et al.,
2006). This type of factor model would be based on sen-
sory modality differences, since desktop VEs primarily
provide visual information (i.e., visual modality) while
more immersive environments also introduce vestibular
and motor cues (i.e., vestibular/motor modality). Naviga-
tion may also refer to both locomotion and wayfinding
factors (Montello, 2005), and virtual environments are
not expected to capture both.

Despite these differences, the predominant argument
for the use of VEs is that they are easy and cheap to run,
easy to replicate, and likely give good approximations of
real-world behavior. For example, Weisberg et al., (2014),
Weisberg and Newcombe (2018) designed a paradigm
to study route integration. It featured a virtual desktop
computer replica of a real-world environment (RWE)
used in a study conducted by Schinazi et al. (2013). Route
integration itself was originally examined in the real
world by Ishikawa and Montello (2006). A comparison
of adult behavior between the virtual environment (VE)
and RWE showed that learning is more accurate overall
in the real world, but that the pattern of individual dif-
ferences is similar (Weisberg et al., 2014). However, this
comparison was between-subjects. Within-subject com-
parisons would allow us to determine whether individual
performance carries over from one paradigm to another
and is representative of performance in the real world
(Hejtmanek et al., 2020). In a within-subject study, a
smartphone/tablet wayfinding task accounted for simi-
lar, although smaller, adult (ages 18-35) variance as a
like-designed wayfinding task in two different real-world
cities (Coutrot et al., 2019). Using the same paradigm
with older adult participants (ages 54—74), virtual navi-
gation performance only predicted performance in the
real-world for medium difficulty environments, not for
environments that were easy or very difficult to navigate
(Goodroe et al,, 2024). Additionally, while the younger
participants outperformed the older adults, they did not
outperform them in the real world. In another study,
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despite indications that participants responded to the
same features, albeit to different extents in a VE designed
to closely replicate a RWE, performance on navigational
tasks differed (Kalantari et al., 2024). This work seems to
suggest that navigation is best explained by a two-factor
model, but that there may be a high degree of shared var-
iance in performance between RWEs and VEs.

Further complicating measure selection, it is also pos-
sible that different types of navigation tasks recruit dis-
tinct cognitive processes (Wiener et al., 2009), each of
which could show individual differences (Weisberg et al.,
2014). The traditional task classification is (a) knowl-
edge about the destination and landmarks (b) knowl-
edge about routes and (c) knowledge about spatial layout
of areas (Golledge, 1999; Siegel & White, 1975; Van der
Ham et al.,, 2020; Wiener et al., 2009). Developing on this
multifactorial model, Van der Ham and Claessen (2020)
showed that it is important to test several distinct func-
tional domains of navigation ability; (a) knowledge of
landmarks (b) knowledge of locations from the observers
view (egocentric) (c) knowledge of paths between objects
from a map perspective (allocentric) (d) knowledge of
egocentric views along paths (e) allocentric knowledge
of object locations. A key take away is that variance in
behavior can be explained by selecting the right tasks.
Depending on the degree of correlation between each
factor, it is possible that individual tasks are measuring
just one underlying cognitive factor from different direc-
tions. For instance, all tasks in a paradigm could corre-
spond to use of a single cognitive representation.

Alternatively, rather than tasks, paradigms may best
explain individual differences in navigation because of
the myriads of choices that experimenters make to inves-
tigate a specific question about navigation. How do spe-
cific paradigms relate to each other and performance in
the real-world? In other words, are they all representing
the same ecologically valid navigation behavior or are
their designs so specific that there is little correlation
between them? For instance, some paradigms are about
testing encoding of metric distances between objects in a
rigid grid, such as along city blocks. Other paradigms are
about testing awareness of relationships between objects
in space without much rigid information in the environ-
ment. While they all measure navigation behavior, para-
digm-specific variance may be inevitable.

Expanding on these findings, we addressed the ques-
tion of real-world validity. Our objective was to establish
the degree to which variance in navigation performance
was shared between existing RWE and VE paradigms. In
doing so, we also aimed to demonstrate the model that
best explains this variance. The second aim was impor-
tant because of the evidence in the existing literature
that could account for unexplained variance between
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paradigms, aside from RWE versus VE. For any model
that included more than one factor (e.g., one for RWE
and one for VE), we had to establish the correlation
between these factors. It was likewise important to estab-
lish whether the visuospatial cognitive skills and self-
report measures were predictive of these model factors.

We drew several hypotheses from the existing lit-
erature about possible models that explain navigation
behavior. One possibility was that a unifactorial model
would explain the variance. We also investigated bifacto-
rial models based on gridded versus non-gridded layouts
or based on VE versus RWE. To explore the two-factor
models, we selected two paradigms that used gridded
environments (1 RWE and 1 VE), and one VE that used
a non-gridded environment. Finally, we assessed two tri-
factorial models. In one model, across-paradigm factors
were based on specific assessment tasks. We selected
existing paradigms that included common tasks: point-
ing, map building, and route efficiency. Each of these
tasks could be categorized according to function. The
pointing task was used to test egocentric based knowl-
edge about the relative locations of objects. The map-
building task was used as a measure of the participants
allocentric knowledge of the environment and its land-
marks (Hegarty et al., 2006; Weisberg et al., 2014). The
route efficiency task was used to test knowledge about
paths between objects. The second trifactorial model
examined if behavior aligns more with the paradigm in
which participants learned and were tested on the envi-
ronments as opposed to navigation being a function of
the environmental features, tasks, or modality. The opti-
mal trifactorial model would determine whether individ-
ual differences are best explained by the tasks used or by
the specific paradigms.

We included commonly used versions of a MRT, a
PTT, the Santa Barbara Sense of Direction (SBSOD)
scale (Hegarty et al., 2002), and the Navigation Strategy
Questionnaire (NSQ) (Brunec et al., 2018) to see whether
these skills and self-report measures predict performance
in the optimal model factors. If either visuospatial task
predicts all the latent factors from the model, then this
finding would further support the idea that it captures
skills that are generally relevant to navigation. If either
one predicts factors differently, then this finding might
provide further insight into what aspects of navigational
skill each captures. If either self-report measure predicts
latent factors from the model, then it would support the
validity of that self-report as an alternative measure of
navigation ability.

We used a within-subjects design where participants
encoded environmental features in the RWE and two
VEs. We ran factor analysis with similar measures of
behavior per paradigm with variables organized to test
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each of the possible patterns. Finally, we built linear mod-
els of factor scores to tie in paradigm-independent spatial
measures (i.e.,, models visuospatial cognitive and self-
report measures).

Methods

Participants

Ninety-four adults, aged 18-30 (M,,=21.62 years,
SD,g.=3.33, 69 females) (see Table 1 for demographic
breakdown), participated in this study. We recruited par-
ticipants in the city of Philadelphia by posting Facebook
ads and physical flyers around campus. All participants
completed online screening for their age, lack of psycho-
logical or developmental diagnoses, and fluency in Eng-
lish. If eligible, we scheduled participants for two 1.5-h
sessions in the lab, on average 1.23 days apart and with

Table 1 Reported race, ethnicity, and gender demographics

Reported race/ethnicity Reported gender Total
Female Male
Asian or Asian American 20 7 27
Black or African American 17 6 23
White 26 9 35
More than one race 3 1 4
Other or not reported 3 2 5
Hispanic ethnicity* 4 5 9
Total 69 25 94

*Subjects who reported ethnicity also reported race; therefore, ethnicity is not
included in the total count

201

3
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no more than 9 days between the sessions. All partici-
pants consented and received monetary compensation

(Fig. 1).
Task design

Santa Barbara sense of direction scale (SBSOD; Hegarty
etal., 2002)

This was a self-report questionnaire designed to meas-
ure how strong of a navigator participants thought they
were. Participants responded to statements on a seven-
point Likert scale where 1 was “strongly agree” and 7 was
“strongly disagree” A response of 4 indicated that the
participant neither agreed nor disagreed. The SBSOD
had 15 questions and was untimed. Example statements
were, “I have a poor memory for where I left things” and
“I am very good at reading maps.” We calculated a score
for each participant by first reverse scoring the positively
phrased items. This way, all items were coded such that a
high number indicated greater navigational accuracy and
a low number indicated less accuracy. Next, we summed
the scores for all items together, then divided the total by
the number of items. The resulting overall average score
of the participant, between 1 and 7, indicated perceived
sense of direction, with 7 being strong.

Mental rotation test (MRT; Vandenberg & Kuse, 1978)

We used a version of the MRT adapted by Peters et al.
(1995). The MRT consisted of two parts and participants
were given 3 min for 10 problems in each part with a
break in between. The problems included a prompt image

Gender

. Female
. Male

Age (years)
Fig. 1 Age and reported gender breakdown

.IlIIIII.-..I-
20 24 28
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of several connected cubes. In each problem, participants
had to choose two out of four objects that corresponded
to the prompt image after being rigidly rotated (i.e., not
undergoing any other geometric transformations). Par-
ticipants received two points for each correct response
but lost two points for any incorrect responses. No points
were awarded or lost for missed items. Using this scoring
method corrected for guessing.

Paradigm 1: virtual SILC (spatial intelligence learning
center) test of navigation (SILCton; Weisberg et al., 2014;
Nazareth et al., 2018)

Virtual SILCton encoding: In this part of the study, par-
ticipants explored a virtual world (Fig. 2b) by walking
along four different paths and learning the names and
locations of buildings and how they relate to one another.
Along each of the first two paths (in red; routes A and B),

a. Study Timeline
Day 1
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participants learned four buildings (eight buildings total).
Each building was also indicated by a blue gem that hov-
ered above the path. The gem helped ensure that partici-
pants did not pass by a building without making note of
it. Next to each gem was a yellow and red sign with the
name of the given building. The third and fourth routes
(in blue; routes C and D) then provided opportunities
to explore the environment from different perspectives,
by connecting the first two routes to each other. Routes
C and D did not contain any new buildings to learn, but
some buildings from routes A and B were visible. Paths
were indicated by large red arrows on the ground. All
encoding trials were untimed, and participants moved
through the environment at the same walking pace, trave-
ling from start to finish and back to start on each route.
Before starting the virtual navigation, the experimenter
also explained the controls to the participants and gave

b. Environment Encoding
Virtual SILCton: non-gridded 8-object virtual environment

Santa Barbara Sense of Direction Scale
(SBSOD)
Mental Rotation Test (MRT)

Virtual SILCton encoding
Virtual SILCton pointing
Virtual SILCton map building

Demographics

90 minutes

Kaufman Brief Intelligence Test Second
Edition (KBIT)*

Square Town object viewing
Square Town encoding

Day 2

Square Town route efficiency test
Square Town map building
Square Town pointing

Temple Tour encoding

Navigation Strategy Questionnaire (NSQ)

90 minutes
A

Perspective Taking Test -Adults (PTT-A)

Temple Tour map building
Temple Tour route efficiency test
Temple Tour pointing

*if time did not allow for KBIT on day 1, then KBIT
was performed at the end of day 2

Fig. 2 aTimeline of encoding and testing. First on day 1, was Virtual SILCton encoding and testing. Square Town encoding took place on day

1 and testing took place on day 2. All encoding and testing for Temple Tour were on day 2 after the Square Town testing. KBIT, demographics,
SBSOD, MRT, NSQ, and PTT-A were distributed among day 1 and 2 as shown in the figure. Each session took up to 90 min. b Schematics

of the environments for each of the three paradigms. Virtual SILCton was a virtual environment, where participants learned four paths and four
building stimuli along the first two paths (in red as A and B, eight buildings total). The second two paths (in blue as C and D) were connecting
routes. In Square Town, another virtual environment, participants learned eight paths between pairs of objects (16 object stimuli total). Square Town
had a system of one-way roads (white arrows). Temple Tour was a real-world environment where participants learned 16 object stimuli along a tour

path (blue dotted line)
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them the opportunity to practice the controls in the envi-
ronment. Participants could control where they looked
in the virtual environment by pointing with a computer
mouse. While participants could look 360 degrees hori-
zontally, they could not look more than 60 degrees ver-
tically from their viewpoint parallel to the ground to
simulate real-world head turning. Participants could also
use keyboard keys to control their lateral movement. By
using the mouse and keys in conjunction, participants
could fully control their movement in the virtual world.

Virtual SILCton pointing

In this task, participants were placed at the start of route
A, directly adjacent to the first building of that route.
In the center of the screen was a crosshair. Participants
could turn and point with the crosshair in any horizon-
tal direction but were not able to move otherwise. At the
top of the screen was a prompt with the name of one of
the other seven buildings. Participants were told to rotate
and point the crosshair in the direction of the named
building and click once to record their answer. In some
cases, the target building was visible from where the
participant was standing, and in other cases it was not.
The prompt at the top of the screen would change after
each response, and participants then pointed to the new
building.

Once participants pointed to all seven buildings from
the first building, they were automatically dropped adja-
cent to another building on the same route and asked to
point to the other seven buildings from there. They com-
pleted this task for all the buildings on route A and then
participants were transported to route B and had to do
the same pointing task for all the buildings there. The
order of buildings that participants pointed to was ran-
dom, but the locations from which they pointed were
the same as the order by which participants learned the
routes in. The pointing task was scored by measuring the
smallest possible difference in degrees between the cor-
rect answer and each participant’s estimate, resulting in
absolute angular error for each combination of build-
ings in the pointing task. We then averaged the angular
error for judgments where the participant was pointing
to a building on the same route as where they were point-
ing from to get a score of within-route average angular
error. We also got a score of between-route average angu-
lar error by averaging the angular error for judgments
where participants were prompted to point to a build-
ing on the route other than the one they were standing
on. Guessing with no knowledge of the environment
would yield an average score of 90°. We reverse scored
the pointing errors by multiplying each score by —1 (i.e.,
positive values are negative and vice versa), so that higher
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values indicated better performance, consistent with
other tasks. Error could range from 0° to — 180° degrees.

Virtual SILCton map building

In the map-building task, participants were given a blank
box on the computer screen representing a birds-eye
view of the boundaries of the entire virtual environment.
Below this image, participants saw aerial images of each
of the eight buildings. The participants had to drag and
drop each building to where they thought it was located
in the virtual world by using the mouse. The map-build-
ing activity was untimed and there was no limit to how
many times participants could move the buildings. The
orientation of the buildings was fixed so that they could
not be rotated, but participants were told that the build-
ings’ orientation did not matter, only their relative loca-
tion on the map. Accuracy on the map was measured
using a bidimensional regression analysis to get the R?
(Carbon, 2013; Friedman & Kohler, 2003; Tobler, 1994).
The R? is the variance of the correct map that is explained
by the participant’s map with scores closer to 1 indicating
better mapping of object positions.

Kaufman brief intelligence test 2nd edition (Kaufman &
Kaufman, 2004)

This test was completed at the end of either the first or
second session. Participants completed the verbal, rid-
dles, and matrix reasoning subtests to generate a gen-
eral IQ score (KBIT-IQ). Test stimuli were presented on
a computer screen and riddles were read aloud by an
experimenter. Participants started each test at their des-
ignated age start and continued until they got four con-
secutive trials wrong or until the end of the test.

Paradigm 2: square town

Square town object viewing

Square Town used 16 computer generated three-dimen-
sional models of familiar objects. Participants saw a
digital slide show where they reviewed an image of each
model and its name. Participants went through the slides
at their own pace by pressing a key on the computer to go
to the next image. Each object was viewed once.

Square town encoding

Square Town was a virtual city environment with four
sides (Fig. 2b). The city had a different distinct landmark
on each side: a desert, an iceberg, a meadow, and a can-
yon. It also had a system of one-way roads, indicated by
arrows painted on the ground. Participants had to pay
attention to this one-way system and were only allowed
to travel in the indicated direction down each road.
At each intersection in the city, there was an object, 16
objects total. These 16 objects were the same seen by
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participants in the object viewing task. The entire virtual
city environment used a grid-like layout.

Participants were shown a short (~1 min) slide show
with instructions for the encoding and route efficiency
tasks. Participants learned eight routes, leading them
between the different objects. Eight of the objects were
start locations and eight of the objects were goal loca-
tions. In the encoding phase, participants saw green
path markers guiding them along each route to the goal
location object. The green path markers always showed
the shortest possible route between each pair of objects
while accounting for the one-way system. To travel, par-
ticipants used the arrow keys for forward, backward, and
turning movement with a fixed view (i.e., tank controls).
They traveled along each of the eight paths once in the
encoding phase and were untimed.

Routes were the same for all participants; however, the
order the routes were shown in and the object locations
on each route were controlled for order effects. Partici-
pants were randomly assigned to one of 49 conditions,
with a max of two participants and a mean of 1.90 per
condition. Each condition used a random route order and
randomly placed different objects from the set of 16 in
the same locations across conditions. Before participants
started to travel on each route, they were prompted with
the image and name of the goal object and told to look
around to see what object they were standing next to at
the start location. The name of the goal object was always
visible at the top of the screen during the encoding and
route efficiency trials.

Square town route efficiency

On day 2, participants did not have the green dots show-
ing them where to go, and it was their job to find the
shortest possible route to the goal object without break-
ing the one-way rule. The environment, routes, object
locations, prompts, and controls were the same as on day
1, though the order the routes were shown in sometimes
differed. There was no time limit for the route efficiency
task. Each participant completed all eight routes and then
repeated the task a second time. During the second route
efficiency block, the order of the eight routes sometimes
differed from the order in the first; however, everything
else stayed the same. The participant location coordinates
were recorded five times per second and used to calcu-
late path distance for each trial of each block. We then
summed the mean distance across all route efficiency
trails per participant and divided that by a constant, the
mean shortest distance, found by having an experimenter
carefully follow the route encoding paths. The resulting
score indicated how close participants were to the short-
est possible distance (i.e., an error score), with 1 meaning
they followed the shortest path exactly. It was possible for
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participants to score less than 1. This score would happen
if participants traveled closer to corners along the learned
routes, thereby shaving off distance during their route
efficiency test. We reverse scored the efficiency error
scores (i.e., positive values are negative and vice versa), so
that higher values indicated better performance, consist-
ent with other tasks.

Square town map building

In the map-building task, participants were given a blank
box on the computer screen representing an aerial view
of the boundaries of the entire virtual environment. The
landmarks from the virtual environment were shown
on each side of the box. Next to this image, participants
saw images of each of the 16 objects they had seen in the
Square Town environment. Participants had to drag and
drop each object to where they thought it was located in
the virtual world by using the mouse. The map-building
activity was untimed and there was no limit to how many
times participants could move the objects. Again, accu-
racy on the map was measured using a bidimensional
regression analysis to get the R* (Carbon, 2013; Friedman
& Kohler, 2003; Tobler, 1994).

Square town pointing

In this task, participants completed 64 trials. Each trial,
participants saw a certain view of the virtual world and
were asked to imagine that they were standing next to
the object they saw in that location. The participant indi-
cated which direction they would go first to reach one of
the other objects in the virtual world by clicking within
one of the circles: forward, left/right, or backward. Each
circle corresponded to a response in degrees, 0°, 90°, or
180°, respectively. Both left and right were scored as 90°.
We calculated a mean error score for each participant by
taking the absolute value of participant response minus
the correct egocentric direction of the object in degrees
(e.g., 0°, 90°, or 180°). We reverse scored the pointing
errors (i.e., positive values are negative and vice versa), so
that higher values indicated better performance, consist-
ent with other tasks. Error could range from 0° to -180°
degrees.

Paradigm 3: temple tour

Stimuli norming

We used two sets of stimuli in this part of the experi-
ment, each with 16 real-life objects. Sets A and B were
actual objects participants saw in person during the
encoding experiences. Each set had object categories that
were semantically matched such that object A1 (basket-
ball) semantically matched object Bl (volleyball). The
similarity of pairs of objects was tested on an independ-
ent sample of 87 adults using Amazon Mechanical Turk



Lader et al. Cognitive Research: Principles and Implications (2025) 10:27

on an IRB approved protocol. Participants completed the
task online using Qualtrics and Pavlovia links and were
compensated $5. Participants rated on a five-point Lik-
ert scale if the two images of the objects were dissimilar
to similar based on how they perceived the two objects.
Semantically matched pairs were consistently rated as
highly similar while non-matched pairs were more dis-
similar (e.g., volleyball and giraffe).

Temple tour encoding

Participants were led on an~8-min tour by an experi-
menter during which they encoded 16 real-life objects
and learned the spatial layout of the objects. This tour was
set up on the 3rd floor of the psychology building at Tem-
ple University, Weiss Hall. The layout of the floor allowed
for a grid patterned setup of the objects (Fig. 2b). Each
object was set on a black stool in the same position for
each participant. Object sets A and B were counterbal-
anced across participants, such that half the participants
saw set A and half saw set B. Participants were instructed
to remember what the objects looked like, the facts they
heard, and where the objects were located while being led
through a predetermined route. An experimenter accom-
panied the participant during the tour, keeping the pace
at each object consistent by reading from a script. At
each object, participants were told what the object was
(e.g., stuffed giraffe), asked to examine and interact with
the object, and then told a fun fact about the object (e.g.,
giraffes talk to each other by humming, but they only do
it in the middle of the night). This task was designed to be
a child-friendly version of the Baycrest Tour (Diamond
et al., 2020).

Temple tour map building

Participants were told to recreate the tour environment
from a bird’s-eye view by placing images of the 16 objects
onto a blank white screen. All object images were visible
all at once on the right side of the screen and could be
moved freely. Participants pressed a key on the keyboard
once they felt that their map was complete. The configu-
ration of each participant’s map was compared to a cor-
rect map using bidimensional regression to get the R?
(Carbon, 2013; Friedman & Kohler, 2003; Tobler, 1994).

Temple tour route efficiency

Participants were led back into the environment where
they started at one object and navigated to 12 other
objects on the tour, sequentially (e.g., basketball to giraffe,
giraffe to plant, plant to teapot, etc.). All objects remained
in the same position as during encoding. They were asked
to take the shortest route they could to each object. The
researcher used pen and paper to record the routes tra-
versed. Distance was measured by the total number of
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objects passed along a route over the least possible num-
ber of objects to pass (i.e., the shortest possible route).
Efficiency scores closer to 1 were more efficient. In this
paradigm, it was not possible to take a shortcut such that
a score could be less than 1. We reverse scored the effi-
ciency error scores (i.e., positive values are negative and
vice versa), so that higher values indicated better perfor-
mance, consistent with other tasks.

Temple tour pointing

Participants completed 10 trials of an onsite pointing
task where they stood at one object and were told to face
a cardinal direction. While facing this direction, par-
ticipants were prompted to think about the location of a
target object in the tour and then, indicate the direction
of the target object using a 360° digital protractor (e.g.,
standing at the giraffe facing west, point to the record).
Indicated angles and direction the protractor was turned
(e.g., left or right) were recorded by the experimenter on
paper. Angle was corrected for chirality, such that if the
participant moved the protractor to the left, then their
judgment was subtracted from 360°. Else, if they pointed
the protractor to the right, then no change was made to
their angular judgment. We made this correction because
participants could have turned the protractor indirectly
toward the target (e.g., turning the protractor left toward
the target even though it would be more efficient to turn
it rightward), resulting in an error despite pointing in the
correct direction. For example, a leftward judgment of
315° is the same as a rightward judgment of 45°, though
they would result in different error without the direc-
tional correction. Absolute angular error (|indicated
angle—actual angle|) was then calculated for each trial.
Angular difference was corrected to be below 180° by
subtracting the result from 360 (e.g., |100°~295°|=195",
then 360°-195°=165). The resultant error scores were
then averaged. Guessing with no knowledge of the envi-
ronment would yield an average score of 90°. We reverse
scored the pointing errors (i.e., positive values are nega-
tive and vice versa), so that higher values indicated bet-
ter performance, consistent with other tasks. Error could
range from 0° to — 180° degrees.

Navigation strategy questionnaire (NSQ; Brunec et al.,
2018)

This 14-item self-report survey was used to assess
whether participants felt that they relied more on map-
based or scene-based frames of reference when navigat-
ing. Participants responded to questions by selecting the
radio button that best described how they feel they navi-
gate. If none of the radio options applied, participants
were asked to describe an answer in a space provided. To
score the NSQ, we first converted the radio responses to
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numeric format to make subsequent categorization eas-
ier. Using an answer key, we then categorized responses
depending on whether the response corresponded to
map-based or scene-based navigation strategies. Alterna-
tive responses were not coded. The final score is the dif-
ference between the sums of each of the two categories
(map—scene). A large positive score relays that a partici-
pant feels as though they rely more on map-based strat-
egies, whereas a large negative score indicates greater
reliance on scene-based strategies. A score of 0 indicates
an equally perceived reliance on both strategies.

Perspective taking test—adults (PTT-A; Brucato et al.,
2023)

This computer task was adapted from a version for chil-
dren (PTT-C; Frick et al., 2014), by presenting more dif-
ficult response options. In the PTT-A, participants were
shown images of three-dimensional figurines holding
cameras. In each image, the figurine was said to be taking
a picture of three three-dimensional colored blocks. This
task was presented in the form of a story where the figu-
rines went to a museum of modern art and took pictures
of the things they saw inside the museum. The partici-
pant had to choose how the picture the figurine was tak-
ing would look from where it was standing. Participants
chose their response from among eight different object-
arrangements that were simultaneously provided below
the prompt image. There was no direct instruction for
strategy use. Before starting the test, participants were
led through an example problem by the experimenter,
and then were able to complete a second practice prob-
lem on their own. The test itself contained 28 items pre-
sented in a fixed quasi-random order. Participants were
allotted 3 min to complete all test items. Test items var-
ied in the vantage point of the figurine around the dis-
play in 45° increments, with every angle presented four
times. The objects’ shape and color, the layout’s orienta-
tion, and the figurine’s gender were also counterbalanced
among items. For each question a participant answered
correctly, they would get a point. We scored this task by
dividing the sum of points by the difference in minutes
between the start and end time of the PTT-A recorded in
seconds, since the total time would sometimes differ by a
few seconds.

Procedure

Figure 2a shows the timeline of the sessions relevant to
this paper. We used a fixed order because there may be
variance associated with balancing the order of para-
digms (e.g., participant fatigue) that we are not inter-
ested in for this study. Day 1 took place entirely in the
laboratory testing room. During day 1, participants first
completed the SBSOD and the MRT. Next participants
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completed Virtual SILCton encoding, followed by the
Virtual SILCton navigation tests (i.e., pointing and map
building). After, they completed a short demographics
questionnaire. If time allowed, participants also com-
pleted the KBIT-2, otherwise this task was administered
on day 2. Finally, participants completed the Square
Town object viewing and tour encoding.

The day 2 session started in the laboratory testing room
with the Square Town tests (route efficiency test, map
building, and pointing). This design was to maintain the
original paradigm design, representative of experimental
designs where encoding and testing happen on separate
days. After completing the Square Town tests, partici-
pants were led into the hall where they completed Tem-
ple Tour encoding. This task was followed by the NSQ
and the PTT-A in a laboratory testing room located at
the end of the tour (to avoid exposing participants to
object locations again). While in the testing room, they
also completed the map-building activities for the Tem-
ple Tour. Then, participants went back into the Temple
Tour environment for the route efficiency test and then
pointing.

Materials

Computer tasks on the Virtual SILCton website and the
Qualtrics websites were completed in the Firefox browser
on a 2020 MacBook Air (M1) with a 13.3-inch built-in
Retina display running MacOS Ventura. The SBSOD and
the MRT were run on the computer through the Virtual
SILCton website, followed by Virtual SILCton itself. The
same MacBook was used for the KBIT, NSQ, PTT-A, and
Temple Tour map building. The NSQ and demographics
were run on Qualtrics. The PTT-A was run on PsychoPy
(Peirce et al., 2019).

All Square Town activities were done on an HP Elite-
Book 840 G5 running Windows 10 with an Intel Core
i7-8550U processor, Intel UHD Graphics 620, and a
14-inch diagonal FHD IPS anti-glare LED-backlit display.
Square Town encoding and route efficiency test were run
on Unity version 2.4.2. The Square Town object viewing,
map building, pointing, and the Temple Tour map build-
ing were also administered using PsychoPy.

Temple Tour encoding, route efficiency test, and point-
ing were all completed on the third floor of the Temple
psychology building, Weiss Hall.

Data analyses

All statistical analyses were completed in RStudio ver-
sion 4.2.0 (R Core Team, 2024). All continuous variables
were z-standardized. Gender was set as a categorical
factor of 0 and 1, with 0 being male and 1 being female.
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The first step of analysis was to look at descriptive sta-
tistics to assess individual differences on the navigation
paradigms.

Next, we did partial correlations to evaluate the inter-
nal consistency of each paradigm. We controlled for
KBIT-IQ and age because they have been shown to
influence measures of spatial knowledge, such as navi-
gation performance. For instance, individual differences
in spatial reasoning on environmental scales sometimes
relate to nonspatial/verbal reasoning Cortes et al. (2022).
There are also age-related differences in spatial naviga-
tion between younger and older adults (Moffat, 2009).
Within-paradigm consistency tells us whether individu-
als perform in the same way across tasks. It does not tell
us whether one task is a better measure than another.
Finding internal consistency would suggest that tasks
were measuring the same individual differences.

After within-paradigm correlations, we looked at
cross-paradigm partial correlations. Cross-paradigm cor-
relations could indicate consistency between the para-
digms we used. Since we were interested in consistency
at the paradigm level, we used composite scores. To do
cross-paradigm partial correlations, we calculated three
composite z-scores for each participant by averaging the
three z-standardized measures within each paradigm.
Z-standardization ensured that distribution differences
between tasks would not mislead whether individu-
als performed in the same way between tasks. Correla-
tions between these composite scores would convey that
paradigms measure the same patterns in individual per-
formance. We partialled out age and KBIT-IQ. Correla-
tion between the VE and RWE would suggest that there
is validity to the VEs used. This result would not tell us
what leads this correlation.

Based on our five hypothesized models, we ran con-
firmatory factor analysis (CFA) to examine the statistical
relationship between latent factors and their contributing
variables. We conducted CFAs using the “lavaan” pack-
age in R (Rosseel, 2012). Prior to CFA, we isolated the
nine variables (i.e., three measures of spatial navigation
for each paradigm) to be included in the factor analy-
sis. CFA models were run to assess whether unifactorial
(cognitive representation), bifactorial (gridded vs. non-
gridded and/or RWE vs. VE), and/or trifactorial (para-
digm-based and/or task-based) hypotheses would fit the
data. Model appropriateness was determined using root-
mean-square error of approximation (RMSEA). RMSEA
values are less than or equal to 0 and the smaller the bet-
ter. Model appropriateness was also evaluated using com-
parative fit index (CFI). CFI values are between 0 and 1
and the larger the better. After identifying the best-fitting
model, we added age, KBIT-IQ, and gender to create a
sixth model since gender is an individual difference often
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related to navigation performance (e.g., Coutrot et al,
2019; van der Ham et al., 2020).

We extracted CFA factor scores from the best-fitting
model and used them for our final analysis. Each partici-
pant had factor scores for each factor in the CFA. Fac-
tor scores indicate the participant’s performance relative
to other participants for the given factor. We ran linear
regression models with the factor scores as the outcome
variable and MRT, PTT-A, SBSOD, NSQ, KBIT-IQ, age,
and gender as predictors of the navigation behavior. All
continuous variables were z-standardized. We ran gvima
(Pena & Slate, 2019) to ensure that each model met the
normality assumptions. The Temple Tour model did not
satisfy the link function assumption; however, it satisfied
all other assumptions and did not demonstrate multicol-
linearity. We left the model as is for the sake of simplic-
ity and ease of interpretation. We tested the models for
multicollinearity of predictors using the “performance”
package in R (Liudecke et al., 2021). All predictors had
low correlations as indicated by variance inflation factors
below 2, so none were removed from the models (Salm-
erén et al., 2018).

Results

Power analysis using semPower in R (Moshagen & Bader,
2023) with a moderate effect size of 0.15, alpha of 0.05,
assumed regression slope between latent variables of
0.20, and the smallest degrees of freedom for comparison
of factor models (two factors each with three measured
variables, df =8) revealed that a sample size of at least 85
was adequate for 80% power. Power was also calculated
using the covariance matrix of the three factors from the
optimal model with alpha of 0.05 and beta of 0.20 yield-
ing a minimum sample size of 72. Additional power mini-
mum required sample sizes for each model are included
in Table 3.

Descriptive statistics for each paradigm are shown
in Table 2. The skewness and kurtosis of the route effi-
ciency tasks for both Square Town and Temple Tour
indicated that most participants performed quite well on
these tasks. Map building showed different distributions
for each paradigm. Square Town map building skewed
toward high performance. Temple Tour map building
showed a bimodal distribution, with some participants
doing quite well and others doing quite poorly. Skewness
and kurtosis for Virtual SILCton map building suggested
a relatively flat distribution. SILCton between-route
pointing had moderate skew and kurtosis. Square Town
pointing, SILCton within-route pointing, and Temple
Tour pointing had moderate skew and relatively normal
kurtosis. SILCton within-route pointing (M=-26.86,
SD=16.04) was more accurate than SILCton between-
route pointing (M=—55.18, SD=18.81).
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Table 2 Descriptive statistics of performance on Virtual SILCton, Square Town, and Temple Tour measures

Measure M SD Min Max Skewness Kurtosis
Square Town route efficiency -136 0.28 —2.26 -0.98 -1.30 1.63
Square Town map building 0.23 0.25 0.00 0.98 1.65 1.99
Square Town pointing —53.12 15.76 —85.78 -563 053 -0.25
Virtual SILCton map building 0.54 0.27 0.02 0.97 -024 -1.14
Virtual SILCton within-route pointing —26.86 16.04 —74.56 —4.25 —-0.66 -024
Virtual SILCton between-route pointing —55.18 1881 —87.56 -13.08 042 -0.76
Temple Tour map building 046 0.35 0.01 1.00 0.27 -152
Temple Tour pointing —30.69 15.02 —74.80 -9.20 -0.65 -045
Temple Tour route efficiency -1.22 0.25 -202 —-1.00 -1.23 0.70

Pointing errors and efficiency error scores are reverse scored (i.e., multiplied by — 1), such that higher values indicate better performance.

Correlating measures and paradigms

Next, we analyzed the within-paradigm correlations to
evaluate internal consistency. We created a partial cor-
relation matrix with p values using performance on each
task while controlling for age and KBIT-IQ. Within-para-
digm correlations controlling for age and KBIT-IQ were
all positive and statistically significant (p <0.05) as seen in
Fig. 3a.

We then evaluated cross-paradigm correlations. We
created a partial correlation matrix for z-standardized
composite scores controlling for KBIT-IQ and age
(Fig. 3b) which yielded positive correlations that were sta-
tistically significant (r’s=0.35-0.38, p’s <0.001; Fig. 3b).

Factor models

We found that the data best support the paradigm-based
trifactorial model (CFI=0.94, RMSEA =0.077, p=0.039;
Fig. 4). In this model, factor 1 consisted of Square
Town route efficiency (r=0.64, p<0.001), map building
(r=0.59, p<0.001), and pointing (r=0.69, p<0.001). Fac-
tor 2 consisted of Virtual SILCton map building (r=0.60,
p<0.001), within-route pointing (r=0.60, p<0.001), and
between-route pointing (r=0.90, p <0.001). Factor 3 con-
sisted of Temple Tour route efficiency (r=0.79, p<0.001),
map building (r=0.77, p<0.001), and pointing (r=0.48,
p<0.001). The Temple Tour factor, the RWE, was signifi-
cantly correlated to the Virtual SILCton factor (r=0.57,

p<0.001) and the Square Town factor (r=0.57, p<0.001).
The two VE factors were correlated at r=0.69 (p <0.001).

Age, gender, and IQ are important factors in spatial
navigation so we built a sixth model (Fig. 5) to include
these as variables that may affect the latent factors in the
optimal model. We wanted to ensure that the relation-
ships between the factors were not dependent on age,
gender, or KBIT-IQ. Age did not correlate with any of the
factors. Gender was correlated with performance in the
two virtual paradigms. Females tended to perform worse
than males on Virtual SILCton and Square Town as indi-
cated by the negative correlations. However, these corre-
lations were relatively weak, Virtual SILCton (r=-—0.24,
p<0.05), and Square Town (r=-0.31, p<0.01). KBIT-
IQ was strongly correlated with all three factors, Square
Town (r=0.51, p<0.001), Virtual SILCton (r=0.44,
p<0.001), and Temple Tour (r=0.45, p<0.001). In this
model, correlations between factors reduced but did
not change significantly as seen in Fig. 5. While the spe-
cific values changed for factor loadings, none changed
dramatically. This model also showed good fit to our
data, with values close to those of the optimal model
(CFI=0.92, RMSEA =0.078, p=0.010).

Table 3 shows CFA model statistics for the other
hypothesized models. The unifactorial model
(CFI=0.778, RMSEA =0.142, p<0.001; Supple-
mental Fig. 1) represented variance explained by a
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Fig. 3 a Within-paradigm partial correlations controlling for KBIT-IQ and age. b Cross-paradigm partial correlations controlling for KBIT-IQ and age

using Z-score indices averages for each paradigm. *** p<0.001, * p<0.01, *

p<0.05
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are composed of the three observed variables (rectangles) from an individual paradigm. The factors and the variables that reflect them are
differentiated by color and number (1, 2, and 3). Arrows between latent factors indicate their correlation and tell us the degree to which they are
related. Arrows pointing from the latent factors to the variables indicate the factor loadings. Since factor loadings are standardized, these can
also be interpreted like correlations. Black arrows pointing toward the measured variables indicate that there is an error variance term associated
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Fig. 5 Path diagram for CFA of the optimal model with a layer added for age, gender, and 1Q. *** p<0.001, ** p<0.01, * p<0.05

single dimension, an overarching navigation factor.
Each variable significantly contributed to the latent fac-
tor (p<0.001). In the bifactorial model (CFI=0.853,
RMSEA =0.117, p<0.001; Supplemental Fig. 2), the vari-
ables for Square Town and Temple Tour (i.e., gridded
environments) contributed to one factor (factor 1) while
those for Virtual SILCton (i.e., non-gridded environ-
ment) contributed to another factor (factor 2). Factors

1 and 2 were significantly correlated (r=0.74, p<0.001).
We ran a bifactorial model again, this time with factor
loadings assuming that dimensions represented whether
a paradigm used a virtual or real-world environment
(CFI=0.886, RMSEA=0.104, p=0.002; Supplemen-
tal Fig. 3). The variables all contributed significantly to
their respective factors (p<0.001) and the two factors
were significantly correlated (r=62, p<0.001). A second
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Table 3 Fit indices for hypothesis-driven confirmatory factor analysis models

Model p value CFI RMSEA X power required N
unifactorial <0.001*** 0.778 0.142%%* 77.83 40 (df=25)
bifactorial model (VE and RWE) 0.002** 0.886 0.104* 5224 41 (df=25)
bifactorial model (gridded and non-gridded build) <0.007*** 0.853 0.117%** 59.72 41 (df=25)
trifactorial model (task-based) <0.007*** 0.774 0.152%** 75.88 43 (df=24)
trifactorial optimal model (paradigm-based) 0.039* 0.941 0.077 3749 43 (df=24)
trifactorial optimal model with age, gender, and KBIT-IQ 0.010* 0916 0.078 66.04 31 (df=42)

*** p<0.001, ** p<0.01, * p<0.05; All power analyses were run with effect size=0.15, effect measure =RMSEA, alpha=0.05, and beta=0.20

trifactorial CFA (Supplemental Fig. 4) with each factor
representing a particular task (i.e., route efficiency, map
building, and pointing) had an invalid fit (CFI=0.774,
RMSEA =0.152, p<0.001), where the covariance matrix
of latent variables was not positively definite. Although
the literature suggests that these hypothesis-driven
organizations of the dataset were all plausible, the mod-
els were invalid due to significant CFA RMSEA. In sum,
these invalid CFA models support the paradigm-based
trifactorial model as best fitting this dataset.

Relating paradigm performance to paradigm-independent
spatial measures

Finally, we looked at how MRT, PTT-A, SBSOD, NSQ,
age, gender, and KBIT-IQ measures relate to navigation
behavior using the trifactorial CFA factor scores. Since
the CFA model with age, gender, and IQ also fits the data-
set, we generated factor scores from the optimal model
shown in Fig. 4. This way, we could directly include age,
gender, and IQ in the linear models. Descriptive statis-
tics for the MRT, PTT-A, SBSOD, NSQ, and KBIT-IQ
are shown in Table 4. Skewness and kurtosis showed that
these measures all had relatively normal distributions,
though all but KBIT-IQ were moderately platykurtic.

We ran linear regressions with the factor scores from
the optimal CFA model as the outcome variable and
MRT, PTT-A, SBSOD, NSQ, Age, Gender, and KBIT-IQ
as predictors. We used Cohen’s F, ., as an effect size
metric with a large effect size as>0.40, a medium effect
size as>0.25, and a small effect size as>0.10. We found
that MRT was a significant predictor of the factor scores

from the VEs, Square Town (f=0.30, 95% CI (0.09, 0.51),
p=0.006, F,,.;y=0.51), and Virtual SILCton (B=0.31,
95% CI (0.10, 0.52), p<0.005, F,y=052). PTT-A
was a significant predictor of the factor scores from
Temple Tour (B=0.30, 95% CI (0.09, 0.50), p=0.005,
Foartia =0-58) and Square Town (B=0.22, 95% CI (0.04,
0.41), p=0.023, F,;,=0.62). SBSOD was a signifi-
cant predictor of factor scores for Virtual SILCton
(=027, 95% CI (0.06, 0.47), p=0.013, F,,;y=0.27)
and Temple Tour (f=0.23, 95% CI (0.01, 0.45), p=0.044,
Foartia=0-15) but with medium and small effect size,
respectively. Notably, SBSOD was nearly a significant
predictor for Square Town factor score (f=0.20, 95%
CI (0.00, 0.40), p=0.057, F,,,;,=0.18). Gender was only
a significant predictor of performance in the real-world
paradigm, with females outperforming males (f=0.50,
95% CI (0.08, 0.93), p=0.022, F,;;=0.27). IQ was a
significant predictor of all factor scores, Square Town
(B=0.26, 95% CI (0.07, 0.46), p=0.010, F,;,=0.28),
Virtual SILCton (B=0.25, 95% CI (0.05, 0.45), p=0.016,
Foartia=0-27), and Temple Tour (B=0.24, 95% CI (0.03,
0.45), p=0.030, F,;,y=0.24). Table 5 details results.
Discussion

This work takes a crucial step toward identifying reli-
able and valid measures for assessing navigation. Our
objective was to investigate the real-world validity of
two virtual paradigms, and in doing so establish a model
for navigation behavior in young adults. We investi-
gated five possible models based on the existing litera-
ture. We found that behavior was correlated across two

Table 4 Descriptive statistics of performance on Virtual SILCton, Square Town and Temple Tour measures

Measure M SD Min Max Skewness Kurtosis
PTT-A 4.96 1.69 1.05 8.78 -0.13 -0.52
MRT 27.96 20.68 —12.00 80.00 0.25 -0.71
SBSOD 4.25 1.02 1.80 647 -0.16 -047
NSQ -1.23 411 —-9.00 8.00 0.28 -0.79
KBIT-IQ 99.64 11.60 72.00 131.00 0.24 0.15
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Table 5 Relating MRT, PTT-A, SBSOD, NSQ, and KBIT-IQ to paradigm-based navigation

Square town factor score

Virtual SILCton factor score

Temple tour factor score

Estimate (95% Cl) SE Estimate (95% Cl) SE Estimate (95% Cl) SE

Intercept 0.05 0.17 0.13 0.17 —037%(=0.72,-0.02) 0.18
PTT-A 0.22%(0.04,041) 0.10 0.17 0.10 0.30**(0.09, 0.50) 0.10
MRT 0.30**(0.09,0.51) 0.1 0.31*%(0.10,0.52) 0.1 0.21 011
NSQ -0.13 0.1 -0.08 (AN -0.07 (AN
SBSOD 0.20 0.10 0.27* (0.06,0.47) o 0.23*(0.01,0.45) 0.
Age 0.07 0.09 -0.04 0.09 -0.04 0.10
Gender -0.07 0.20 -0.18 0.20 0.50% (0.08, 0.93) 022
KBIT-IQ 0.26* (0.07, 0.46) 0.10 0.25%(0.05,045) 0.10 0.24* (0.03,0.45) 0.1
Adjusted R? 041 0.39 0.30

*** p<0.001; ** p<0.01; * p<0.05 model: factor score ~ PTT-A+ MRT + NSQ+ SBSOD + Age + Gender + KBIT-IQ

virtual paradigms, Virtual SILCton and Square Town,
and one real-world paradigm, Temple Tour. Since each
paradigm had distinctive characteristics apart from dif-
ferent modalities, it was important that we understood
where the shared and unique variance in performance
stemmed. We tested models factored by environmen-
tal build, type of task, and modality to fully understand
the characteristics that would isolate correlated behav-
iors. We determined that specific aspects of the environ-
ment (i.e., gridded vs non-gridded), navigation tasks, and
modalities (i.e., virtual vs real-world) could not clearly
account for differences among paradigms. This result is
shown by the significant and high RMSEA values indicat-
ing poor model fit. Instead, the optimal model was organ-
ized around individual paradigms; each showing unique
and shared variance.

Using the factor scores from the optimal model, we
showed that performance on each paradigm is differen-
tially predicted by object-based spatial and self-report
measures and age, gender, and IQ. At the same time, we
identified strong relations between paradigms as also
shown in the CFA and partial correlations. Using the
optimal model, we constructed a model that included
age, gender, and IQ since these factors have previously
been shown to influence navigation behavior. We showed
good model fit of the paradigm-based trifactorial model
with age, gender, and IQ incorporated. These results sup-
port the validity of the VE assessments (see also Zhao
et al, 2020). It also suggests an underlying pattern of
navigation behavior that is relatively invariant across dif-
ferent paradigms. An individual’s navigation behavior
is similar across paradigms, suggesting that navigation
performance is generalizable and a product of individual
cognition. These results have two major implications.

The primary implication of this work is that it is
more important to do multi-paradigm testing than

just cross-environment, -learning, or -test designs. We
should use multiple paradigms because in addition to
correlations, we observed paradigm-specific variations
in behavior, as shown by the optimal trifactorial model.
Future cross-paradigm testing would allow us to confirm
that other paradigms are indeed generalizable despite
their distinctions, as shown by the paradigms in this
study. Paradigm specific differences may be missed with-
out paradigm level testing. Additionally, it is unlikely that
any specific aspects of a paradigm such as tasks or “natu-
ralness” can predict a wide distribution of behaviors or
cross-situational variability to the same extent. Likewise,
as shown by the linear models, single object-based or
self-report measures do not always predict performance
across paradigms. The object-based and self-report meas-
ure results are consistent with the portions of variance in
the three-factor model that are not ideal for explaining
the overall pattern of within-subject navigation behavior.

These results are consistent with patterns observed in
other studies. Topete et al. (under revision) find results
consistent with our own, although they do not have a
real-world paradigm. Together, our studies suggest that
there is unlikely to be a single answer regarding what
factors distinguish paradigms. We show that to reach
consensus and establish a measure, we should do across-
paradigm comparison. Since each paradigm contains
a plethora of variation, it is difficult to rely on just one
paradigm to generalize individual differences. In this
study, we also show that this finding is true between an
RWE and two VEs. This result is consistent with Hegarty
et al. (2006), who found that RWE vs VE learning is par-
tially dissociated, suggesting that experimenters should
be wary of using VEs to measure real-world navigation.
Since both our study and Topete et al’s (under revision)
additionally showed a dissociation between VEs, these
studies take the former finding a step further and suggest
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that experimenters should be cautious of using any para-
digm to measure performance on another. VE paradigms
are approximations of performance in RWE paradigms
just as one RWE paradigm approximates performance in
another RWE paradigm.

This model makes sense given that different paradigms
are often designed for individual experiments and are
meant to explain various aspects of navigation. For exam-
ple, in some paradigms, people behave as if they have
access to exact metric information, and in others they
behave as though they use the more abstract relational
information of the space (Peer et al., 2021, 2024). Testing
using only one of these paradigms based on experimental
questions might miss other aspects of behavior. We show
that there is some specificity of learning in the three envi-
ronments we used.

One explanation for the degree of specificity shown on
the paradigm level is that the combination of different
hypothesized factors (e.g., task, environment) adds up to
greater explanation of individual differences in naviga-
tion than might be expected of the sub-factors on their
own. For example, we show that the distinction between
virtual versus real-world environment and the distinction
between gridded versus non-gridded environment are
not enough to explain within-subject variance by them-
selves. However, both factors are synergistically captured
by the paradigm-based model. One way the paradigms
can be characterized is as virtual-gridded (Square Town),
virtual-non-gridded (Virtual SILCton), and real-world-
gridded (Temple Tour).

In line with these findings, we also see that indi-
vidual differences in performance on mental rotation
and perspective taking predicted performance in some
paradigms but not others. The factor scores used in the
regressions are from the optimal three-factor model.
This model depends on both, not just one hypothesized
environmental characteristic. The linear models show
that PTT-A and MRT predict Square Town factor score,
that MRT predicts Virtual SILCton factor score, and that
PTT-A predicts Temple Tour factor score. These results
show distinctions between paradigms; these distinctions
are not sufficient at explaining navigation on their own.

This result supports the idea of using multiple para-
digms rather than multiple tests within a paradigm. Since
object-based spatial measures predict different factors
of navigation behavior on the paradigm level they might
indirectly tell us more about its underlying structure.
One explanation for mental rotation relating to the VEs
but not the RWE can be drawn from a finding by Guo
and Song (2023). There is a common transformation
mechanism between mental rotation and mapping the
magnitude of sensorimotor rotation (Guo & Song, 2023).
Specifically, training on visuomotor rotation (VMR)
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improved speed of mental rotation, and training on men-
tal rotation improved speed of VMR. Navigation in the
VEs may have required more mapping between the less
familiar controls and the visual motion or location cues
on the screen. Thus, MRT performance may have pre-
dicted accuracy in the VEs because of the processing
required for their VMR aspects. While MRT may be tied
to this specific feature of the environment, this feature is
just one small distinguishing characteristic of the para-
digm. MRT does not provide the “full picture” of within-
subject variation in navigation performance that all three
factors are sharing.

On the other hand, navigating and pointing in the
real world, where bodily mapping of visuomotor rota-
tion is already largely implicit, may rely less on mental
rotation. In an environment where viewpoint and sur-
rounding cues are not static on a screen, there may be
more flexible encoding of perspective. In a real-world
study, perspective taking, but not mental rotation, pre-
dicted self-to-object representations (Kozhevnikov et al.,
2006). Perspective taking also predicted pointing accu-
racy (Muffato & Meneghetti, 2020) and mediated the
relationship between hippocampus volume and pointing
(Schinazi et al., 2013). This relationship is complicated,
however, by findings that hippocampal volume in a typi-
cal population did not correlate with navigation ability
(Weisberg et al., 2019). This nonsignificant correlation
could be composed of a mix of significant and nonsignifi-
cant correlations among high versus low spatial-ability
subgroups of individuals (He & Brown, 2019).

It is also possible that perspective taking in particu-
lar, not general navigation ability, is correlated with
hippocampal volume. This point could explain why per-
spective taking predicts navigation performance in the
Square Town and the Temple Tour paradigms but not
in the Virtual SILCton paradigm. Consistent with previ-
ous work (Fields & Shelton, 2006; Miinzer et al., Miinzer
et al., 2020; Nazareth et al., 2018), we show that perspec-
tive taking tasks are not uniquely related to real-world
over virtual paradigms. Again, supporting the idea that
navigation may better be explained at the paradigm level.
Additionally, since previous studies that found correla-
tions between perspective taking and navigation tasks
did not always use gridded environments (e.g., Schinazi
et al., 2013), this environmental structure is unlikely to
explain the common predictor between Square Town and
Temple Tour. Instead, the paradigms that are predicted
by perspective taking both include route efficiency tasks,
where movements are less constrained. The additional
variations in viewpoints may influence the greater use of
perspectives to support spatial memory.

Gender also relates differently across paradigms. In
the CFA model, gender correlates with the VEs, but in
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the linear models, gender only relates to performance in
the RWE. Males tend to outperform females in the vir-
tual paradigms, but females did better in the RWE. This
pattern may have to do with gender differences in naviga-
tion that stem from differences in strategy, motivation, or
stress (Schinazi et al., 2023).

There could still be other paradigm-distinguishing
characteristics that are not captured by our optimal
model. For this reason, we are hesitant to make the claim
that only the characteristics we show in this study are
what distinguishes navigation paradigms. At the para-
digm level, there are a few factors that are unique to the
paradigms we used here and could be contributing to
their orthogonal portions. The method of encoding could
be one contributor. We sought to make comparisons in
a way that was representative of the range of paradigms
in the literature. Sometimes paradigm encoding happens
on one day and then retrieval on another, as was the case
for Square Town. In other cases, there might be a social
component to encoding as in Temple Tour. Other times,
navigational encoding may be self-paced, like in Virtual
SILCton. This potential experimental decision could con-
tribute to the distinction between paradigms. Scale could
also have an influence as all three paradigms used envi-
ronments that varied in size. Future cross-paradigm test-
ing may help reveal important characteristics that limit
the generalizability of paradigms on individual differ-
ences in navigation.

Prior work shows that individual studies can potentially
be somewhat limited in generality (e.g., Ekstrom & Hill,
2023). We show that this variance can be assessed by par-
adigm level differences instead of individual features such
as task or modality. Hence, studies should use multiple
paradigms. However, it is unclear just how many para-
digms are sufficient for a good description of navigation
behavior. Rekers et al. (2025) provided a good example of
the reliability and validity of a single paradigm. Since our
results also show differences in how MRT and PTT-A
predict performance, this study supports doing meta-
analysis of what past research has found from including
these measures.

The second implication of this work is that none of the
existing paradigms used in this study should be scrapped
due to lack of validity. By doing the cross-paradigm com-
parison (as opposed to say, cross-task comparison), we
know that all the paradigms used in the current study
strongly correlate with each other. This demonstrates
real-world validity for the virtual paradigms, Virtual
SILCton and Square Town (though each with some
unique variance). There is a large portion of common-
ality in learning for the three environments. The corre-
lated variance is poorly explained by any single paradigm
characteristic used here. This result is supported by the
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poor fit of the other CFA models. By doing cross-para-
digm comparisons, researchers can ensure the validity of
their work and clarify what aspects of their paradigms are
specific rather than generalizable. Since every paradigm-
factor strongly correlates with each other, we suggest that
the shared variance in the optimal model is tied to a uni-
tary cognitive component that each paradigm is tapping
into.

This dimension may also relate to another interesting
aspect of our data, that both self-report measures used
were poor predictors of navigation performance. While
the SBSOD did show some significance, its effect size was
relatively small. Here, we show that failure of self-report
measures is not due to movement or body-based cues,
as suggested elsewhere for similar findings (Garg et al,,
2024). The NSQ does not predict performance in any
environment. The SBSOD predicts performance on both
the VE and RWE. They may both be poor at explaining
the same trait instead of individual characteristics of
paradigms. One possibility is that the self-reports assess
states rather than measuring individual cognitive differ-
ences (traits). Heth et al. (2002) found that the SBSOD
was only correlated with navigation performance when
completed after but not before, suggesting that it may
reflect a subset of recent events rather than represent-
ing individual’s traits. However, in our study the SBSOD
was completed before any of the navigational paradigms.
Another unexplored possibility is that over time these
measures have lost their reliability.

Limitations and future directions

We note limitations due to sample, study demands, and
tasks. We see these limitations as avenues for future
research. In the present study, our findings only refer to
a young adult sample. As expected, there are no signifi-
cant statistical relationships with age in the CFA or lin-
ear models because all participants are from the same age
group. Future research should investigate our findings
across different stages of development, such as into later
adulthood.

Additionally, we used a fixed order of paradigms
because there may be variance associated with using a
balanced order (e.g., participant fatigue) that we were
not interested in for this study. While a counterbalanced
order could avoid participants being influenced by ear-
lier paradigms or fatigue, fixed order ensures that if there
is paradigm-to-paradigm influence it is held constant
across subjects and controlled for in the design. The fixed
and counterbalanced orders are useful in different ways.
A future study using a counterbalanced order might be
interested in which of the paradigms is most influential,
but this is not what the current study asks. This study
cannot address which factor(s) or paradigm(s) would
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make the best measures, but instead focused on mode-
ling the patterns of variance within subjects to quantify
individual differences in navigation. Likewise, balanced
order was not important for addressing individual dif-
ferences using the MRT and PTT-A. Splitting MRT and
PTT-A up onto two separate days prevented either ses-
sion from being too long. An interest of the present study
is to shorten the time demands of navigation research.

“Confirmatory factor analysis” can be a misleading
term, because this work is still in its early stages. The
present study corroborates hypothesized models based
on the existing literature. Structural equation modeling
(SEM) is the ideal way to get the full picture of this work.
However, there needs to be substantially more data to
fully interrogate the structure of behavior performance
across these tasks. Given the resources it would take
to collect this sample, we do not see this work as being
feasible for most labs doing navigational research. The
primary issue is with the number of measures and the
length of each measure. This limitation is one of the rea-
sons we ran the current study, as it is the preliminary step
in streamlining the measures necessary to allow eventual
SEM.

A last important point related to study demand limita-
tions is that there are other reliability and validity tests
that are not addressed by the present research and are
worth following up on in future investigations. Diver-
gent validity could be evaluated in future work but was
not relevant to this study. We used tasks that are repeat-
edly used in the literature and control for IQ in our mod-
els because it could be a confounding factor. IQ showed
significance in our models but did not significantly alter
the optimal CFA model. Another is within-subject test—
retest reliability, which would have been difficult to col-
lect given the time requirements for participants and
resources necessary for equitable compensation. How-
ever, our inclusion of Virtual SILCton provides additional
evidence that our novel experiment is reliable. Virtual
SILCton has been used repeatedly across different sam-
ples (Brucato et al., 2022; Nazareth et al., 2018; Weisberg
et al,, 2014; Weisberg & Newcombe, 2016; Zhao et al,,
2020) with reliable correlation between within-route and
between-route pointing ranging from r=0.45 (Weisberg
& Newcombe, 2016) to r=0.55 (Weisberg et al., 2014).
This paradigm is a reliable measure of spatial integra-
tion but does not say much about its real-world validity.
Our own results are consistent with these past findings
(r=0.49) so that Virtual SILCton provides another source
of support for the reliability of the present findings.

We did not include a task for route efficiency in our
version of the Virtual SILCton paradigm. Topete et al.
(under review) added a route efficiency test to the Vir-
tual SILCton paradigm and showed that this measure
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correlates with the map building and pointing tasks.
Our within-paradigm correlations for the other Virtual
SILCton measures are consistent with Topete et al., sug-
gesting that this specific measure is unlikely to be the
source of failure for the other models.

Normality of variables is a requirement of CFA because
it is a multivariate test. We found high skew for some of
the variables, particularly for the route efficiency tests
where participants tended to do quite well. Log trans-
forming variables that exceeded 0.5 in skewness for the
CFA did not help meet this assumption. This violation is
an important limitation of our results that would likely
need a more difficult route efficiency task to fix.

There are also other inputs to the navigation system
that we do not account for in our tasks such as metrics of
sensorimotor, vestibular, and proprioceptive cues (Steel
et al., 2021). Considering the results from the current
study which demonstrate paradigm-level individual dif-
ferences, cross-paradigm testing is likely the best way to
address the large number of inputs to the navigation sys-
tem. We hope that this work will allow greater efficiency
in future studies, allowing more work investigating these
open questions.

Conclusions

To conclude, there are several implications of this study
for the reliable and valid measurement of navigation. The
literature says that rodents have consistent ways of map-
ping the world, based on data collected via intracranial
measurement (Hafting et al., 2005; McNaughton et al,,
1983; Moser et al., 2008; Muller et al., 1987; O’Keefe &
Dostrovsky, 1971; O’Keefe & Speakman, 1987; Wilson &
McNaughton, 1993). Our study shows that human navi-
gation is also likely based on a single cognitive dimension
of the individual. Navigation behavior at the paradigm
level seems to have generalizable results. The pattern of
this cognition and why it is presented in certain ways
in different situations remains an open question. Of
immediate practical relevance, this study suggests that
none of the existing paradigms used in this study should
be scrapped due to lack of validity. The patterns in this
agreement imply that understanding navigation behav-
ior is not necessarily a matter of increasing measurement
through the number of tasks. Instead, more than one
paradigm is more important to reach reliable and valid
measurement (consensus) and understand nuanced indi-
vidual differences in navigation behavior.

Abbreviations

RWE Real-world environment

VE Virtual environment

SBSOD Santa Barbara sense of direction scale

MRT Mental rotation test

Virtual SILCton  Spatial intelligence learning center test of navigation
KBIT-IQ Kaufman brief intelligence test 2nd edition
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NSQ Navigation strategy questionnaire

PTT-A Perspective taking test—adults

CFA Confirmatory factor analysis

VMR Visuomotor rotation

RMSEA Root-mean-square error of approximation
CFI Comparative fit index
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