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Abstract
Background: Spatial ability (SA) was shown to be important for success in different fields, including STEM. Recent
research suggested that SA is a unitary construct, rather
than a set of related skills. However, it is not clear how individual differences in different facets of SA emerge, and how
they relate to variance in general cognitive ability.
Aims: The aim of the present study was threefold: 1) to
examine the structure of SA testing nine theoretical models; 2) to explore the relation between 16 different facets of
SA with general cognitive ability; and 3) to identify central
facet(s) within the network of SA –with most links and/or
strongest links to other facets.
Sample: The study participants were 958 university students from Russia.
Methods: The study used a comprehensive battery of 16 SA
tests and a verbal ability measure.
Results: Results supported previous research, suggesting
moderate overlap between all SA facets. Factor analysis suggested several potential structures, with similar fit indices
for five different theoretically driven models, including split
into small-and large scale; partially independent manipulation, visualization and navigation facets. Confirmatory factor analysis, mediation and network analyses showed spatial
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ability being largely independent from verbal ability. In addition, network analysis showed that navigation according
to directions is in the centre of the network, potentially linking all SA facets.
Conclusion: The results have potential implications for
identifying the best targets for SA interventions. The next
step in research is conducting experimental studies to evaluate effectiveness of interventions targeting navigation in
comparison with other facets of SA.
K EY WOR DS
centrality measures, educational intervention, factor structure, network
centrality, spatial ability

I N T RODUC T ION
Spatial ability (SA) is defined as ‘the ability to generate, recall, maintain and manipulate visual-spatial
images and solutions’ (Lohman, 1996) and was shown to be a robust predictor of success in Science,
Technology, Engineering and Mathematics (STEM) and related fields (Kell et al., 2013). Despite its importance, spatial ability training and diagnostics is somewhat omitted in current educational programmes.
For example, one recent study (Lakin & Wai, 2020) has shown that spatially gifted adolescents are usually not identified by commonly used talent identification programmes and thus experience educational
disengagement and have more behavioural problems than their identified peers with verbal/maths giftedness. Another study showed that training of visuospatial working memory and spatial reasoning enhanced maths learning in a randomized study of 17 thousand children ( Judd & Klingberg, 2021). While
there are some attempts to include spatial ability in educational systems (Castro-A lonso & Uttal, 2019;
Kell et al., 2013; Likhanov et al., 2021; Stieff et al., 2014; Stieff & Uttal, 2015), it is important to further
explore the nature of spatial ability and identify potential aims for interventions.
Many studies to date explored the structure of SA, with several components emerging (see Aristova
et al., 2018 for review), such as: spatial visualization (Lohman, 1996), spatial orientation (Hegarty
et al., 2006), spatial imagination ( Jansen, 2009), mental rotation (Shepard & Metzler, 1971) and spatial
relations (Lohman, 1996). Different models of SA structure have been proposed based on opposition of
two (e.g. spatial visualization and spatial orientation (Kozhevnikov & Hegarty, 2001); three (navigation,
object manipulation and visualization (Malanchini et al., 2020); or more components (see e.g. static/dynamic and intrinsic/extrinsic classification (Uttal et al., 2013). For example, one of the suggested structures is opposition of small-and large-scale spatial abilities (Allen et al., 1996; Cutting & Vishton, 1995;
Ittelson, 1973; Silverman & Eals, 1992). The small-scale group includes SA components that are linked
with mental operations with objects ( Jansen, 2009): visualization (Mix et al., 2017), transformation
(Zacks et al., 2000), mental rotation (Blajenkova et al., 2005) and manipulation (Kozhevnikov &
Hegarty, 2001). The large-scale SA is connected with changes in the spectator's visual perspective, while
other objects' positions remain the same (Hegarty, 2004) and includes spatial orientation, object location
from the spectator's point of view and an ability to assess the direction and distance ( Jansen, 2009), navigation ability (Kozhevnikov et al., 2006), sense of direction (De Beni et al., 2006), spatial orientation
(Kozhevnikov & Hegarty, 2001), and other abilities. However, the discussion regarding SA structure
is ongoing as even group membership of some SA components is still under debate. For example,
perspective-taking is argued to be small scale by some researchers (Rimfeld et al., 2017) and large scale
by other ones (Kozhevnikov & Hegarty, 2001).
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Despite some endorsement of researchers on the existence of small-and large-scale SA, what remains
unclear is the relationship between them and their relations with other cognitive domains. Several models have been proposed (see (Hegarty et al., 2006) for a review), including: 1) the ‘unitary model’ that
assumes that both skills overlap completely; 2) the ‘total dissociation model’ that assumes that the skills
are distinct; 3) the ‘partial dissociation model’ that assumes that the abilities have similarities and differences; 4) and the ‘mediation model’ that assumes that small-and large-scale skill are linked, but this link
is mediated by a third variable (i.e., intelligence). However, most previous studies used a small number
of tests, which precluded thorough investigation of SA factor structure.
One study that used ten SA tests (Rimfeld et al., 2017) found that a general factor of spatial ability captures a substantial proportion of variance in SA in a UK population, and that commonalities
across tests are largely explained by shared genetic variance. Another study (Likhanov et al., 2018)
further confirmed the unifactorial structure of SA in a Russian student sample but showed a two-
factorial structure in a Chinese sample. Such differences in patterns were discussed by the authors in
the framework of cross-cultural differences, i.e. specific features of the Chinese language. However,
a limitation of these studies is the lack of measures of spatial orientation, e.g. navigation or map
reading. One recent study (Malanchini et al., 2020) has addressed this limitation and explored SA
factorial structure, using 16 tests, including navigation. The study results showed that SA has hierarchical structure with three factors: ‘Navigation,’ ‘Object Manipulation’ and ‘Visualization’ that load
onto a general factor of SA. Moreover, the study showed that SA was somewhat independent from
general intelligence.
An important practical implication of determining the structure of SA is identification of most effective measures for diagnostics, talent identification as well as targets for SA development programmes.
Absence of the definitive SA structure partly explains the fact that SA tests are not routinely used in educational practice –it is not clear which test with the best validity and predictive power to use for a quick
diagnostic in the classroom (see e.g., (Budakova et al., 2021). Moreover, research has shown differential
links between different SA facets and academic performance. For example, mental rotation was related
to maths performance in kindergarten; whereas in sixth graders visuospatial working memory and form
copying were significantly related to the maths performance (Mix et al., 2016). In addition, several
studies explored different malleability of different SA facets and transfer of training effect from one
facet to another, using different methods, including video games or spatial task training (e.g. (Hawes
et al., 2015; Uttal et al., 2013). For example, a series of studies ( Jansen, 2009; Jansen et al., 2010) investigated whether large-scale SA would change if participants are provided with small-scale SA training.
The study showed that small-scale SA training lead to decreased number of errors in large-scale SA task
in adults, but not in adolescents. To summarize, the complex links and interactions across different tests
to measure SA are yet to be identified.
Factor and correlational analysis (that are commonly used to investigate SA structure) do not necessarily reveal shared underlying causal structures (e.g., a common general process), but can also reflect specific causal, homeostatic or logical relationships among more specific constructs (Cramer
et al., 2012). For example, one might perform better in a 3D task because of their high performance
in 2D task (a correlation of .54 was found between the two in a recent study (Budakova et al., 2021).
Their correlation might be driven by the need of one SA process for performing in another one, as even
the task for e.g. 3D drawing is formulated as follows: ‘Sketching a 3D drawing from a 2D diagram.’
Similarly, the relationship between mental rotation and navigation could be explained by the fact that
mental rotation is a cognitive process involved in navigation (Clint et al., 2012), without assuming that
rotation and navigation stem from some ‘master’ SA. Rather an individual needs to constantly compare
the object they walking by and seeing from different angles with a mental image of this object, and thus
these abilities are linked.
Network analysis allows to gain a deeper understanding of the nature of relationships among a
set of variables, without necessarily postulating the existence of common underlying factors (see
a recent review by (Borsboom et al., 2021). This analysis has been applied in different domains,
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including personality (Costantini et al., 2015; Cramer et al., 2012), psychopathology (Borsboom
& Cramer, 2013; Cramer & Borsboom, 2015; Fried et al., 2016; McNally et al., 2015; Robinaugh
et al., 2014) and cognitive ability, specifically intelligence (Conte et al., 2020; Van Der Maas
et al., 2006). For example, network perspective has brought insights into potential candidates for
interventions, with high centrality nodes being considered as more promising candidates for manipulation/intervention than others in treatment of mental disorders (Cramer & Borsboom, 2015). In
other words, because highly central nodes have more and stronger connections to other nodes than
do low-centrality nodes (by definition), they may have greater influence on overall network, be more
influenced by overall network, or both.
By identifying the most central nodes in SA network, we can provide information for future interventions aimed at enhancing spatial ability. For example, one recent study that used Network Intervention
Analysis (Blanken et al., 2019) demonstrated sequential and symptom-specific effects of a treatment
aimed to relief symptoms of insomnia and depression. The study showed that cognitive-behavioural
therapy affected different facets of insomnia across 10 weeks. For example, treatment was directly related to ‘early morning awakenings’ in weeks 2, 4, 7 and 9, and ‘difficulty maintaining sleep’ in weeks
3, 4, 6, 7, 8 and 9.
In addition, a recent study that used network analysis (Neubeck et al., 2022) to investigate complex relationships across eight cognitive measures has provided novel insights into cognitive ageing by:
1) identifying differences in the cognitive performance network of younger vs. older adults; 2) finding stronger connection between working memory and intelligence in older adults; and 3) identifying
Speeded attention as a key variable in younger adults' cognitive performance network. Moreover, network analysis allows to identify complex interactions between SA facets in the network that eventually
can be used to build a dynamic model of reciprocal causal links within SA network (see e.g. mutualism
model of intelligence; (Van Der Maas et al., 2006).
Thus, the current study aims to:
• Explore the SA structure, using a comprehensive battery of 16 measures of SA, previously used in
Malanchini and colleagues (Malanchini et al., 2020); English version) and Likhanov and colleagues
(Likhanov et al., 2018); Russian version), as well as a measure of verbal ability –testing several theoretical models in a sample of Russian students;
• To identify central facet(s) within the network of SA –with most links and/or strongest links to other
facets.

M AT ER I A L S A N D M E T HOD S
Sample
The data were collected from 958 participants (35.01% males; age ranged from 16.03 to 41.70;
Mage = 19.91; SD = 4.12) attending five leading universities in different cities in Russia (Moscow,
Chelyabinsk and Tomsk). Three universities are included in the top ten and two in the top 100 Russian
universities.

Procedure
Participants filled in a demographic questionnaire, completed two online batteries: ‘King's Challenge’
(Rimfeld et al., 2017) and ‘Spatial Spy’ (Malanchini et al., 2020) and verbal ability test. Participants for
the study were recruited via social networks and adverts. The data were collected at the universities in
one 1.5-hour session in similar conditions across all data collection sites, using laboratory laptops.
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The study was approved by the Ethical Committee for Interdisciplinary Investigations, Tomsk State
University. Participants (the students) received information regarding the goals of the study, the voluntary basis of their participation and provided written informed consent. Additional consents were not
obtained from parents of participants from 16 to 18 years old as they are formally recognized as students
and are allowed to make decisions themselves.

Measures
Participants provided information on their age, sex and level of education, using an online questionnaire.

King's challenge battery
This object-based battery includes ten spatial tests capturing the major dimensions of spatial ability, described in Table 1. Participants engage in building and protecting the King's Castle, with all tests linked
by the same storyline. Each test was presented as a 2D or 3D pictures together with answer options.
For additional information on creation of the battery, see supplementary online information in Rimfeld
and collaborators (Rimfeld et al., 2017). We scored each test as the number of correct items. The battery
showed moderate-to-h igh reliability in previous research using the same student sample, with split-half
reliability ranging from .56 to .88 (Likhanov et al., 2018).

‘Spatial spy’ battery
The ‘Spatial Spy’ battery (Malanchini et al., 2020), adapted to Russian, was used to measure orientation and navigation abilities. Participants were invited on a quest, collecting clues while orienting
and navigating around the streets of a virtual environment (similar to action video games). All
tests were administered in a time-limited format. The battery started with a training session that
helped participants to become acquainted with using a mouse for navigating around the virtual
TA BL E 1

Description of the ten tests from the King's challenge battery

Test name (abbreviation)

N of items

Time limit
per item (sec)

Measured construct/task description

Cross-sections (objCS)

15

20

Visualizing cross-sections of objects

5

45

Sketching a 2D layout of a 3D object from a
specified viewpoint

Pattern assembly (objpa)

15

20

Visually combining pieces of objects together to
make a whole

Elithorn mazes (objem)

10

7

Mechanical reasoning
(objMecR)

16

25

Multiple-choice naïve physics questions

Paper folding (objPF)

15

20

Visualizing the placement of holes, made by
punching through a folded piece of paper

2D drawing (obj2d)

3D drawing (obj3d)

Joining together as many dots as possible from an
array

7

70

Sketching a 3D drawing from a 2D diagram

Shape rotation (objRot)

15

20

Mentally rotating objects

Perspective-taking (objPT)

15

20

Visualizing objects from a different perspective

Mazes (objMaz)

10

25

Searching for a way through a 2D maze in a time-
limited task
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Description of the six tests from the spatial spy battery

Test

N of
missionsa

Time limit per
mission (sec)

Map Reading (MR)

5

60

Ability to read a map when travelling from
one location to another. Participants were
instructed to get from A to B by finding
the fastest route on a map.

.63

Memorizing a Route (RM)

5

120

Ability to travel from one location to another
by remembering the content of a map.
Participants were given 20 seconds to
memorize the map and plan the route
before travelling from A to B.

.65

Navigation according to
directions (ND)

5

180

Ability to navigate around a virtual
environment, following instructions
based on directions. Participants were
instructed to navigate around the virtual
city in terms of compass points (north,
south, east and west).

.80

Navigating based on
reference landmarks
(NL)

5

60

Ability to navigate around a virtual
environment following instructions
based on the descriptive features of the
destination or other nearby landmarks.

.63

Large-scale scanning
ability (SC)

5

60

Ability to quickly process visual information
and identify a target object, a black
briefcase, located somewhere nearby
within the virtual city.

.59

Large-scale perspective-
taking (PT)

5

60

Ability to identify objects from a different
perspective in large-scale ‘naturalistic’
settings.

.54

Description

Split-half
reliability

a
The gamified approach required a complex scoring procedure. For each tests participants engaged in a number of missions –4-6 items to
be completed in order to achieve the goal of the mission. Each item was scored separately, but the failure to complete the mission within the
allocated time led to overall score of zero for the mission. The final score for each test was calculated by combining the accuracy and reaction
time (equally weighted) for all missions.

environment. Description of each test presented in Table 2. Scoring procedure was different for
each tests (see details on scoring and other detailed information in Malanchini and collaborators
(Malanchini et al., 2020). Only standardized scores are reported in the current paper. The battery
showed excellent test–retest reliability in previous research (Malanchini et al., 2020) and moderate-
to-h igh reliability in the current sample, with split-half reliability ranging from .54 to .80, and is
reported in Table 2.

Verbal ability test
Passive vocabulary volume was assessed with the short version of ‘My Vocab’ test and was used in a
current study as a proxy to verbal ability (correlations between it and other measures of verbal ability
were shown to range from 0.39 to 0.55; (Maslennikova et al., 2017). The ‘My Vocab’ (Golovin, 2015) is
similar in design to the Mill Hill Vocabulary Scale (Raven, 1958). The test consists of 99 test words: 95
real words and 4 fake words. Participants are instructed to select only the words for which they know a
meaning. Fake words are used to assess whether participants complete the task honestly, in other words
do not pick the words that do not exist. As fake words explained less than 1% of variance in overall
accuracy for the test they were excluded from the analysis. The sum of all correct words was used as a
measure of verbal ability (VOCfin).
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Statistical analysis
Data preparation
Before any analysis, we excluded 130 participants, who were below the consent age for this study
(16 years old), or above a 100 –both likely to be an entry mistake. A preliminary analysis of data has
shown that SA scores for all tests vary as a function of sex (See Table S1 in SOM). This is consistent with
previous research (see, for example, (Likhanov et al., 2018; Toivainen et al., 2018; Tosto et al., 2014) and
verbal ability (Freeman & Garces-Basca, 2015; Stoet & Geary, 2013). Therefore, for further analysis sex
differences were regressed out (i.e. variability related to sex was partialled out from all SA scores), as per
procedure suggested by Kohler and Kreuter (Kohler & Kreuter, 2012, p. 278). Age was also regressed
out from SA scores, as there were correlations between age and SA shown in this sample (See Table S2
in SOM) and in previous studies (Berkowitz et al., 2021; Rodic et al., 2015). These standardized residuals
were used for all analyses: correlations, factor and network analysis. Outliers were deleted based on the
interquartile range (IQR), i.e., [25th percentile] –1.5 × IQR and [75th percentile] + 1.5 × IQR (McGill
et al., 1978).

Confirmatory factor analysis
The fit of nine theoretical models was assessed (see Table 3 for the full list). Model fit indices were used
to compare models between each other. Several fit indices were used: a) the Chi-square test, which indicates the correspondence between the expected and the observed covariance matrices (a chi-square
value close to zero indicates greater correspondence between them); b) the Comparative Fit Index (CFI)
is an incremental fit index that is based on the non-centrality measure. The CFI ranges from 0 to 1,
with values closer to 1 indicating better fit (acceptable values > .90); c) the Root Mean Square Error of
Approximation (RMSEA) is related to residuals in the model. RMSEA values range from 0 to 1, with
smaller RMSEA values indicating better model fit. Acceptable model fit is indicated by an RMSEA
value of 0.08 or less (Hu & Bentler, 1999); d) Akaike Information Criterion (AIC) is a comparative measure of fit and so it is meaningful only when two different models are estimated. Lower values indicate a
better fit and so the model with the lowest AIC is the best fitting model (Kenny, 2015).

Network analysis
Gaussian Graphical Model Networks (GGM; (Epskamp et al., 2018) were used to examine the connections among ten small-scale and six large-scale spatial ability tests and verbal ability. GGMs were
estimated using a lasso regularization via the graphical lasso algorithm, which reduces overfitting and
increases replicability of the network models (Epskamp & Fried, 2018). GGMs can be seen as parsimonious models that encode predictive relationships among a set of variables, in the form of partial
correlations. Unlike Structural Equation Modelling (SEM) and similar techniques, GGM allow for
the examination of all possible pairwise relationships among a large number of variables (Costantini
et al., 2019). Like SEM, GGMs result in sparse models that include a limited number of parameters. In
GGM networks, if two nodes (variables) are not connected, in other words, are not linked by an edge
(connection), this means that they are linearly independent controlling for the other variables (i.e. not
correlated when controlled for other variables in the network; (Lauritzen, 1996). This makes GGM
more informative than a simple correlational model (Costantini et al., 2015). GGM can potentially highlight causal pathways (see (Epskamp et al., 2018) for a thorough discussion about causal interpretations
of network models).
Once a network is computed, node predictability can be used to quantify the proportion of variance
of each node that is explained within the network model. Nodes with zero predictability value cannot
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Theoretical models tested with confirmatory factor analysis

Model name

Measures included

Model 1 “Single Navigation factor”:

This model included six tasks from ‘Spatial Spy’ battery (navigation
according to directions, navigation according to landmarks, map
reading, route memory, large-scale perspective-taking, scanning),
loading on a single factor

Model 2 “Single SA factor”

This model included ten object manipulation tasks (cross-sections, 2D
drawing, pattern assembly, elithorn maze, mechanical reasoning, paper
folding, 3D drawing, shape rotation, perspective taking, mazes) and six
spatial orientation tasks (navigation according to directions, navigation
according to landmarks, map reading, route memory, large-scale
perspective-taking, scanning), loading onto single factor.

Model 3 ‘Small-vs. large-scale factors’

This model investigated fit for ten object manipulation tasks (cross-sections,
2D drawing, pattern assembly, elithorn maze, mechanical reasoning,
paper folding, 3D drawing, shape rotation, perspective taking, mazes)
and six spatial orientation tasks (navigation according to directions,
navigation according to landmarks, map reading, route memory, large-
scale perspective-taking, scanning), loading onto ‘Small-scale SA’ and
‘Large-scale SA’ factors, respectively. Division to small-and large-scale
SA repeats the division of all tests into two batteries: King's Challenge
and Spatial Spy; that were used in the current study.

Model 4 ‘Spatial orientation vs. Object
manipulation’

This model included two factors, that were based on theoretically-d riven
differences between the constructs. The first factor of ‘Spatial
Orientation’ included navigation according to directions, navigation
according to landmarks, map reading, route memory and two tests from
the object-based battery, elithorn maze and mazes. The second factor
of ‘Object Manipulation’ included the eight remaining tests from the
object-based battery along with the scanning and perspective-taking
measures that were included into the spatial orientation battery.

Model 5 ‘Manipulation, Visualization and
Navigation’

This model assessed a three factorial structure: 1) ‘Manipulation’ that
included cross-sections, 2D drawing, pattern assembly, mechanical
reasoning, paper folding, 3D drawing, perspective taking; 2)
‘Visualization’ –shape rotation, elithorn maze, mazes, large-scale
perspective-taking, scanning; and 3) ‘Navigation’ that included
navigation according to directions, navigation according to landmarks,
map reading, route memory (Malanchini et al., 2020).

Model 6 ‘General SA factor’

This model repeated the Model 5, but these three factors now loaded onto a
superordinate ‘General spatial ability’ factor (Malanchini et al., 2020).

Model 7 ‘General SA factor + verbal
ability’

This model repeated the Model 6, but also included verbal ability factor,
which consisted of only VOCfin test. Verbal ability was added to
investigate the links between verbal ability and general SA factor.

Model 8 ‘Small-vs. large-scale SA + verbal
ability’

This model repeated Model 3, but also included verbal ability factor, which
consisted of only VOCfin test. Verbal ability was added to investigate
the links between it and two factors of SA.

Model 9 ‘Mediation model’

This model tested whether the link between small-and large-scale SA is
mediated by verbal ability (Hegarty et al., 2006).

be predicted by the model, whereas nodes with a predictability value of 1 can be perfectly predicted
(Haslbeck & Waldorp, 2018).
Centrality of nodes was assessed with three metrics: (1) Strength quantifies how well a node is directly
connected to other nodes and it is calculated as the sum of the weights of the connections involving a
node, in absolute values. (2) Closeness quantifies how well a node is directly or indirectly connected to
other nodes, and is calculated as the inverse of the sum of the distances of the focal node from all the
other nodes in the network. (3) Betweenness quantifies how important a node is in the connecting other
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nodes and is calculated as the number of the shortest paths (geodesics) between any two nodes that pass
through the focal one (Costantini et al., 2015).
We estimated whether network estimates were sufficiently stable using bootstrap (Epskamp et al., 2018).
In particular, we used the correlation stability coefficient (CS-coefficient), which allows assessing the stability
of node-level indices such as predictability and centrality. Cutoff values of 0.25 and 0.50 respectively
indicate sufficient and good stability (Epskamp et al., 2018).
All analysis was performed in the R statistical software package (R Core Team, 2017). Descriptive
statistics, reliabilities and correlations were computed using psych (Revelle, 2013) and PerformanceAnalytics
(Peterson, 2020) packages. Principal component analysis was performed using nFactors, stats and psych
packages. Confirmatory factor analysis and mediation analysis were performed using lavaan package
(Rosseel, 2012). Networks were estimated using the packages bootnet (Epskamp et al., 2018) and qgraph
(Epskamp et al., 2012; Epskamp et al., 2018). To relax the normality assumption for network analysis, the nonparanormal transformation was applied with the R package huge (Liu et al., 2009; Zhao
et al., 2012). The code for this analysis is available together with data at https://osf.io/d57uw/.

R E SU LT S
Descriptive statistics
Descriptive statistics for the raw data are presented in Table 4. Given that there were some missing data for age (N = 19), gender (N = 113) and spatial ability tests (N = 0–169), initial sample size
reduced after standardize residuals were computed (sex and age were regressed out from all variables). Following this, outliers were deleted form the data (<5% for each individual variable). Means
were equal to ~0 and SDs were equal to ~1 for all variables in the resulted sample (N = 775). The
descriptive statistics for this sample are presented in Table S3. Further analysis was performed on
standardized residuals.
Figure 1 presents the heatmap of the correlations among all variables (N = 775). Scatterplots and
p-values for correlations are presented in SOM (Figure S1).

Factor analysis
Our first aim was to investigate the factor structure of SA. Given that Ns were different for different SA
measures and that factor analysis requires list-w ise deletion of missing values, the factors were estimated
on 537 individuals. No imputation methods were used to treat the missing data.
The eigenvalues suggested a two-factor structure (eigenvalues were equal to 5.13 and 1.52; scree-plot
is visualized in Figure S2). Factor analysis (principal axis) with two factors and promax rotation was
applied to the data (Chi square = 122.13 [89], p < .01). Factor analysis showed a clear division to small-
and large-scale SA factors, with only two tests loaded onto an unexpected factor –Elithorn mazes and
Mazes loaded onto large-scale SA factor. Navigation according to directions showed almost equal loadings to both factors. Factor loadings are shown in Table 5.

Confirmatory factor analysis for different SA models
Confirmatory factor analysis for different theoretical SA models is presented in Table 6. All models were
estimated on a sample of 537 participants and showed good fit as per MacCallum, Browne and Sugawara
(MacCallum et al., 1996). Neither of tested models showed a clear advantage in explaining SA structure
as per fit metrics.

958

808

61.72

N*

Mean

0–15

15.00

0–5

5.00

0.73

−0.15

−0.79

1.04

3.70

928

obj2d

0–15

13.00

0.00

−0.73

−0.31

3.08

6.39

958

Objpa

0–10

10.00

5.53

−0.33

−0.48

1.07

8.42

848

Objem

0–16

16.00

2.00

−0.38

−0.07

2.66

9.74

958

objMecR

0–15

15.00

0.00

−1.11

−0.32

4.29

8.25

958

objPF

0–7

6.79

0.00

−1.02

0.31

1.80

2.55

958

obj3d

0–15

15.00

0.00

−0.99

−0.29

4.07

7.81

958

objRot

0–15

15.00

0.00

−0.55

0.74

4.12

4.49

958

objPT

0–10

10.00

0.00

−0.03

−0.43

2.04

5.34

958

objMaz

0–1

0.96

0.08

−0.55

−0.03

0.17

0.59

928

ND

0–1

0.94

0.57

−0.29

−0.44

0.07

0.77

886

NL

0–1

0.99

0.33

−0.15

−0.84

0.16

0.80

880

MR

0–1

0.96

0.61

−0.10

−0.87

0.08

0.84

789

RM

0–1

1.00

0.15

−0.20

−0.62

0.19

0.71

900

PT

0–1

0.99

0.80

−0.35

−0.62

0.04

0.91

795

SC

Note: N = [795–958]; *As the tests were presented as a part of a larger battery and not all participants managed to do all tests, Ns for different tests differed. Different tests included different number of items, thus
the means are not directly comparable. VOCfin –verbal ability test; objCS -Cross-sections; obj2d -2D drawing; objpa –Pattern assembly; objem –Elithorn mazes; objMecR –Mechanical reasoning; objPF –Paper
folding; obj3d -3D drawing; objRot -Shape rotation; objPT –Perspective-t aking; objMaz –Mazes; MR –Map Reading; RM –Memorizing a Route; ND –Navigation according to directions; NL –Navigating based
on reference landmarks; SC –Large-scale scanning ability; PT –Large-scale perspective-t aking.

0–95

Range

0.00

19.00

95.00

Minimum

Maximum

−0.93

−0.48

Kurtosis

3.71

−0.22

16.21

−0.46

Std. Deviation

Skewness

6.63

objCS

Descriptive statistics for study variables (raw data)

VOCfin
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Small- and large-scale spatial ability links to verbal ability
Given that model 3 ‘Small-vs. large-scale factors’ showed somewhat higher CFI and TLI indices, we
additionally fitted a model that included a division to small-and large-scale SA factors and verbal ability. This model also showed a good fit and moderate correlations between verbal ability and small-scale

F I G U R E 1 Correlations for 16 spatial ability tests. Note: N = [673–775], sex and age was regressed out from all variables
for that analysis; VOCfin –verbal ability test; objCS –Cross-sections; obj2d –2D drawing; objpa –Pattern assembly; objem
–Elithorn mazes; objMecR -Mechanical reasoning; objPF –Paper folding; obj3d –3D drawing; objRot –Shape rotation;
objPT -Perspective-taking; objMaz –Mazes; MR -Map Reading; RM –Memorizing a Route; ND –Navigation according to
directions; NL –Navigating based on reference landmarks; SC –Large-scale scanning ability; PT –Large-scale perspective-
taking; Correlations ranged from weak to moderate and were similar to those reported in Malanchini and colleagues
(Malanchini et al., 2020)

12 of 24
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Factor loadings for 16 spatial ability tests
Factor 1

objCS

0.63

obj2d

0.65

objpa

0.50

objem

Factor 2

0.27

objMecR

0.52

objPF

0.78

obj3d

0.65

objRot

0.57

objPT

0.42

objMaz

0.22

0.32

ND

0.40

0.46

NL

0.66

MR

0.62

RM

0.48

PT

0.47

SC

0.41

Variance explained

20%

Cumulative variance explained

32%

12%

Note: objCS –Cross-sections; obj2d –2D drawing; objpa –Pattern assembly; objem –Elithorn mazes; objMecR –Mechanical reasoning;
objPF –Paper folding; obj3d –3D drawing; objRot –Shape rotation; objPT –Perspective-t aking; objMaz –Mazes; MR –Map Reading; RM
–Memorizing a Route; ND –Navigation according to directions; NL –Navigating based on reference landmarks; SC –Large-scale scanning
ability; PT –Large-scale perspective-t aking; Before factor analysis we examined the factorability of the 16 tests in our sample. First, it was
observed that 16 out of 16 tests correlated at least .3 with at least one other test, suggesting reasonable factorability (see Figure 1). Secondly,
the Kaiser–Meyer–Olkin measure of sampling adequacy turned out to be .91 (above the commonly recommended value of .6; (Cerny &
Kaiser, 1997); and Bartlett's test of sphericity was significant (χ2 [136] = 2191.88, p < .0001), indicating good factorability.

(.23) and large-scale SA factors (.26). Figure 2 presents path diagram for model 8: 16 spatial ability tests
and verbal ability.
According to Model 9 ‘Mediation model,’ the link between small-and large-scale SA may be mediated by a third variable (Hegarty et al., 2006). Figure 3 presents results for this model, showing a weak
mediation of the link by verbal ability.

Network analysis of ten small-scale and six large-scale spatial ability tests, and
verbal ability
Gaussian Graphical Model was calculated on a sample of 537 participants and is presented in Figure 4,
demonstrating different strengths of connections between the nodes of the network. For example,
Navigation according to directions test showed a number of the strongest links with other nodes.
Specifically, Navigation according to directions showed strong links with Navigation according to landmarks, Map Reading and 3D drawing. Verbal ability test showed a limited number of links with SA tests
when controlled for all other variables in the network: weak associations with Navigation according to
directions, 3D drawing, Cross-sections and Pattern assembly. Network edges and correlations between
the nodes are presented in Table S4.
The predictability of each node (Haslbeck & Waldorp, 2018) is reported in SOM (Table S5). The correlation stability coefficient for predictability was 0.55, indicating good stability (Epskamp et al., 2018).
The predictability values had a 95% probability to show a correlation with the original values of at least

‘Single Navigation factor’

‘Single SA factor’

‘Small-vs. large-scale factors’

‘Spatial orientation vs. Object manipulation’

‘Manipulation, Visualization and Navigation’

‘General SA factor’

‘General SA factor + verbal ability’

‘Small-vs. large-scale SA + verbal ability’

1*

2*

3

4

5

6

7*

8*

16 SA + 1 verbal test

16 SA + 1 verbal test

16 SA tests

16 SA tests

16 SA tests

16 SA tests

6six tests from Spatial Spy
+ ten King's Challenge
tests

six tests from Spatial Spy

Number of tests

238.12 (117)

246.06 (116)

228.79 (101)

228.79 (101)

250.92 (103)

223.09 (103)

324.94 (104)

23.22 (9)

Chi-square
(df)

0.942

0.938

0.938

0.938

0.928

0.942

0.893

0.969

CFI

0.933

0.927

0.926

0.926

0.916

0.932

0.876

0.948

TLI

0.044

0.046

0.049

0.049

0.052

0.047

0.063

0.054

RMSEA

0.045

0.046

0.047

0.047

0.047

0.051

0.055

0.033

SRMR

20,054

20,064

18,619

17,398

18,637

18,610

18,710

6246.2

AIC

20,208

20,223

18,769

17,540

18,778

18,751

18,847

6297.6

BIC

Note: Model 3 is treated as a reference model, as it represents clear division between two batteries (small-vs large-scale SA); models that significantly differed from it are marked with *, models 1, 7 and 8 include
different set of variables in comparison with Model 3; models 7 and 8 did not differ significantly from each other in fit indices.

Name

Fit measures for different models

Model
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F I G U R E 2 Path diagram for Model 8 includes small-and large-scale SA and verbal ability factors. Note: SS –small-scale
spatial ability; LS –large-scale spatial ability; Vrb –verbal ability factor; VOC -verbal ability test; objCS –Cross-sections;
obj2d –2D drawing; objpa –Pattern assembly; objem –Elithorn mazes; objMecR –Mechanical reasoning; objPF –Paper
folding; obj3d –3D drawing; objRot –Shape rotation; objPT –Perspective-taking; objMaz –Mazes; MR –Map Reading;
RM –Memorizing a Route; ND –Navigation according to directions; NL –Navigating based on reference landmarks; SC –
Large-scale scanning ability; PT –Large-scale perspective-taking

0.70, even when 55% of the sample was randomly dropped, thus confirming the accuracy of the predictability index in the overall network.
Centrality measures were also computed (See Figure 5), with the highest Strength, Closeness and
Betweenness for Navigation according to directions test (see Table S6 for a full list of centrality indices).
The same pattern of indices distribution was shown when verbal ability was deleted from the network.
The correlation stability coefficients for Strength, Closeness and Betweenness were in an acceptable
range (.55, .35, .54, respectively).
In addition, we performed the same analysis with nonparanormal transformation (Isvoranu
et al., 2017) to relax normality assumption, as some variables somewhat deviated from normality as per
visual inspection. Recalculated graph showed the same pattern of results (see SOM Figure S3 for the
resulting network and Figure S4 for centrality indices). Full list of centrality indices with correction is
available in SOM (Table S7).

DIS C US SION
The current paper aimed to: 1) explore the SA structure, using a comprehensive battery of 16 measures
of SA, previously used in Malanchini and colleagues (Malanchini et al., 2020); English version) and
Likhanov and colleagues (Likhanov et al., 2018); Russian version), as well as measure of verbal ability
–testing several theoretical models in a sample of Russian students; 2) to identify central facet(s) within
the network of spatial ability facets –nodes that are linked with most facets and/or more strongly linked
to other facets.
Our data showed minimal differences across all study models. Previous research (Malanchini
et al., 2020) reported the best fit for hierarchical structure of spatial ability with three factors: object manipulation, visualization and navigation, loading onto general spatial ability factor. Our study replicated
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F I G U R E 3 Path model for verbal ability mediating the link between small-and large-scale spatial ability (Model 9).
Note: standardized regression coefficients for paths a, b and c’ are presented, Total effect: β = 0.78***, SE = 0.09, 95% CI
[0.89, 1.24], Indirect effect from SS to LS controlling for Vrb: β = 0.02*, SE = 0.01, 95% CI [0.00, 0.05], SS –small-scale
spatial ability; LS –large-scale spatial ability; Vrb –verbal ability factor; VOC –verbal ability test; objCS –Cross-sections;
obj2d –2D drawing; objpa –Pattern assembly; objem –Elithorn mazes; objMecR –Mechanical reasoning; objPF –Paper
folding; obj3d –3D drawing; objRot –Shape rotation; objPT –Perspective-taking; objMaz –Mazes; MR –Map Reading;
RM –Memorizing a Route; ND –Navigation according to directions; NL –Navigating based on reference landmarks; SC –
Large-scale scanning ability; PT –Large-scale perspective-taking

the good fit of this model with very similar fit indices. The variance explained by the higher order
factor of spatial ability in underlying factors was also very similar (R2 = .75 for navigation, R2 = .77 for
object manipulation and R2 = 1.00 for visualization factor). However, our study also showed equally
good fit for other theoretical models: ‘Single SA factor,’ ‘Small-vs. large-scale factors,’ ‘Spatial orientation vs. Object manipulation,’ ‘Manipulation, Visualization and Navigation’ and ‘General SA factor’
(Manipulation, Visualization and Navigation + general SA factor).
Our results are consistent with a number of recent research on SA structure: we found that all spatial
tasks are correlated (e.g. (Likhanov et al., 2018); small-scale measures are somewhat distinct from large-
scale measures (two factors; e.g. (Hegarty et al., 2006; Jansen, 2009); SA divides into: manipulation, visualization and navigation (three factors; (Kozhevnikov & Hegarty, 2001; Newcombe & Shipley, 2015);
and load onto general SA factor (e.g. (Malanchini et al., 2020). Moreover, network analysis suggested
some ‘bridge’ facets that potentially link small-and large-scale spatial ability –navigation according to
directions and 3D drawing; similarly to fatigue and sleep disturbances, that link major depressive disorder and Generalized anxiety disorder (Cramer et al., 2010). While our data did not provide one definitive
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F I G U R E 4 Network of ten small-scale and six large-scale spatial ability tests, and verbal ability. Note: Green lines
indicate positive connections; red lines indicate negative connections; the thickness of the lines represent the strength of
the connection; VOCfin -verbal ability test; objCS –Cross-sections; obj2d –2D drawing; objpa -Pattern assembly; objem
–Elithorn mazes; objMecR –Mechanical reasoning; objPF –Paper folding; obj3d –3D drawing; objRot –Shape rotation;
objPT –Perspective-taking; objMaz –Mazes; MR –Map Reading; RM –Memorizing a Route; ND –Navigation according to
directions; NL –Navigating based on reference landmarks; SC –Large-scale scanning ability; PT –Large-scale perspective-
taking

answer regarding the spatial ability structure, it provided evidence for rejection of several existing theoretical models. For example, our data showed that small-and large-scale SA overlap substantially, thus
rejecting Total Dissociation Model (Hegarty et al., 2006) and showed moderate correlations between
spatial and verbal abilities, rejecting models that argue orthogonality for different cognitive abilities (e.g.
Multiple intelligences theory; Gardner, 1993).
Furthermore, relatively high correlations between spatial ability tests suggest that general cognitive ability (or general intelligence, ‘g’; (Spearman, 1904) might drive individual differences in different
spatial ability facets. This (and moderate correlation between spatial and verbal abilities) is in line with
prediction from hierarchical model of general intelligence, with communalities of spatial, verbal and
quantitative domains distilling the higher-order general intelligence factor (Carroll, 1993). Moreover,
correlations among individual measures from King's Challenge and Spatial Spy batteries were weaker
(.1–.54) compared with correlations between the small-and large-scale SA factors that emerged from
confirmatory factor analysis (.78). This correlation exceeds test–retest correlations shown for the same
people measured two times with a 2-week interval (e.g. r = .65 on average for the ten spatial tests
(Rimfeld et al., 2017), potentially suggesting existence of general spatial ability factor ‘s’. Lower correlations between individual tests might be a result of measurement error of each test that was partly
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F I G U R E 5 Centrality measures for the network. Note: X-a xis is in standardized scores to allow for meaningful
comparisons across metrics; VOCfin–-verbal ability test; objCS –Cross-sections; obj2d –2D drawing; objpa -Pattern
assembly; objem –Elithorn mazes; objMecR –Mechanical reasoning; objPF –Paper folding; obj3d –3D drawing; objRot
–Shape rotation; objPT –Perspective-taking; objMaz –Mazes; MR –Map Reading; RM –Memorizing a Route; ND –
Navigation according to directions; NL –Navigating based on reference landmarks; SC –Large-scale scanning ability; PT
– Large-scale perspective-taking

eliminated by factor analysis. In hypothetical situation with zero measurement error in the tests (caused
by e.g. different enjoyment of Spatial Spy vs. King's Challenge tests), the correlation between SA factors might be equal to 1 (Spearman, 1987), perfectly reflecting ‘s’. The existence of general ‘s’ factor is
supported by a study that showed general genetic network that underlies all spatial skills (Malanchini
et al., 2020). Research has also shown that individual differences in general spatial ability factor is explained by both genetic (heritability ranged from .52 to .69) and environmental factors (Malanchini
et al., 2020; Rimfeld et al., 2017). Further research is needed to investigate the aetiology of spatial ability
measured in more ecologically valid environments, for example during everyday activities.
In addition, consistent with previous research, our data showed that SA correlates with other cognitive abilities (Alfred & Kraemer, 2017; Colom et al., 2006; Hegarty et al., 2006; Lee et al., 2006).
Specifically, confirmatory factor analysis (Model 8) showed that verbal ability modestly correlated with
both small-and large-scale spatial ability factors (.23–.26). One theory of the link between small-and
large-scale spatial ability is that they are mediated by general cognitive ability. Mediation analysis indeed
showed that there was an indirect path between small-and large-scale SA via verbal ability. However,
the effect size for indirect path was negligible (β = .02), with the direct effect being large and significant
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(β = 0.76). Many speculative explanations can be potentially suggested for this indirect effect, such as
effect of verbal instructions needed to be read in all SA tests, real contribution of verbal processing
when solving spatial problems, etc. However, the small size of this effect, which is probably significant
because of a relatively large sample size, advises against proposing substantial interpretations. Indeed,
network analysis showed that verbal ability had very weak links with spatial ability tests and was on the
periphery of the network (see Figure 4). Furthermore, network analysis showed that the links were only
present for some, mostly small-scale, spatial ability tests, namely cross-sections, pattern assembly, shape
rotation and navigation according to directions. A possible explanation might be that these tests rely on
verbal instructions more than other tests and are also more complex because of verbal processing. For
example, individuals with higher verbal ability might have performed better in navigation according to
directions as they needed to process somewhat complex instructions during the task (e.g. ‘Go south and
take the first road going northeast’ and needed to use the compass to find the way at the same time).
However, it is unclear why, e.g. mechanical reasoning, did not show this link as it requires a new instruction to be read for each item, while other small-scale tests do not. Perhaps this is due to the fact that
this task measures the ability to understand basic mechanical principles and requires not only reasoning
(thinking) over the tasks but also remembering these principles and physical laws (fluid vs. crystalized
intelligence).
Our results showed slightly lower correlations between spatial and verbal ability in comparison
with studies in other languages (.26 in current sample vs. .4–.7 in other studies; see e.g. (Carroll, 1993;
Salthouse, 2004). There might be several reasons for correlations of such magnitude in Russian
language. Firstly, the current study used scores residualized for age and sex for both spatial and
verbal ability tests: subtracting variance related to these two characteristics might have reduced the
correlations. Secondly, only one measure of verbal ability (measuring passive vocabulary volume)
was used in the current study, whereas for instance, Salthouse (Salthouse, 2004) used a combination
of several verbal ability measures. This might have reduced the correlations in the current sample.
Thirdly, this study is the first one using SA battery that includes both small-and large-scale SA, and
verbal ability test in Russian sample, thus, there might be cross-c ultural differences that have driven
the lower correlation in Russian sample. For example, correlations of similar magnitude (.12–.30)
between several small-scale ability tests and school exam were found in a previous study in Russian
language in a sample of gifted adolescents (Budakova et al., 2021). Further research is needed in
Russian samples with more comprehensive measures of verbal ability to explore this potential cross-
cultural difference.
The second aim of the study was to identify central facet(s) within the network of spatial ability facets
–facets that are linked with most facets and/or more strongly linked to other facets. Our data showed
that navigation according to directions is central in the network according to all measures of centrality
used in the current study: node strength, closeness and betweenness.
Navigation according to directions was shown to be in the centre of SA in-between small-scale
SA and other large-scale SA tests. This test taps into the ability to find the way to a particular
place according to instructions, an adaptive characteristic likely to be selected for in the course of
evolution (Clint et al., 2012). There are several potential explanations for why this ability may be
central in the SA network. For example, it may be a more complex trait encompassing other abilities, such as navigation using mental maps of landmarks; cues from the sun and stars; the earth's
magnetic field; mental rotation of objects and perspective taking (e.g., imagining landmarks from
a different perspective); visuo-spatial working memory; understanding verbal instruction; abstract
thought (e.g., compass reading). For example, shape rotation has been found to be an important
aspect of navigation (Clint et al., 2012). It is hypothesized that to orient properly, an individual
needs to identify environmental features regardless of perspective. In addition, Silverman and colleagues (Silverman et al., 2000) found that performance at mental rotation tests strongly predicted
performance at real-world navigation tasks, such as the ability to navigate back to a starting location after moving through the woods. Consistent with this ‘complexity’ explanation, navigation,
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according to directions, was also shown as the most heritable of all spatial orientation tests (.60 as
per (Malanchini et al., 2020). This greater heritability may be a combination of multiple, partially
non-overlapping, genetic factors that contribute to the different abilities needed to perform navigation according to directions. Other potential explanations include somewhat higher validity of the
test, used to measure navigation according to directions; an instruction for the task that is familiar
and easy-to-u nderstand for people who have never played videogames; etc.
Results of network analysis have several theoretical implications for SA research:
1. -It has been recently proposed that network analysis can be a strong tool to generate causal
hypotheses (see e.g. (Borsboom et al., 2021; Isvoranu & Epskamp, 2021). Our results from
this analysis indicate that navigation according to directions may be causally linked to some
other SA facets (e.g. navigation according to landmarks or 3D drawing ability). Moreover,
there might be some chains of prediction inferred from the identified links between SA
facets. For example, it can be hypothesized that navigation according to directions ability
affects map reading ability, which in turn affect memorizing a route ability (thick lines
on Figure 4).
2. -It might be that individual differences in specific aspects of the SA network (i.e. specific patterns of
the links between SA facets or centrality indices distributions within networks) are linked to success
in STEM beyond links with individual differences in level of SA (e.g. Budakova et al., 2021; Wai et
al., 2009).
3. Furthermore, there might be sex differences in SA networks that exist above and beyond reported
average sex differences in SA (Tosto et al., 2014), (Toivainen et al., 2018). For example, some links
between SA facets might be present in males but absent in females or some SA facets might be linked
via different SA facets (i.e. hubs), suggesting sex differences in mechanisms of spatial information processing. These sex differences in networks might be linked to sex differences in engagement in STEM
(Makarova et al., 2019). Findings from network analysis might inform which strategies to adopt in SA
training (e.g. Stieff et al., 2014).
4. -Moreover, network analysis might provide further insights into the links between different SA facets and achievement in different areas. GGMs –the network analysis used in the present study accounts for all other variables in the network when testing linear dependency between two variables.
This approach allows to identify specific SA facets that directly contribute to achievement, which
can provide further insights into links between SA and achievement. A similar approach has been
used in other recent studies. For example, one study identified that out of eight personality traits
only two (Conscientiousness and Neuroticism) contributed to teacher grade in adolescents directly
(Papageorgiou et al., 2020).
Hypotheses generated with network analysis need to be further tested using longitudinal and experimental designs (to establish causal links between SA facets), as well as using different measures of
achievement (to investigate SA facets linked with academic and occupational performance).
Establishing the central facets in the SA network may have practical implications. Given recent evidence from literature on applications of network analysis (Blanken et al., 2019; Epskamp et al., 2018;
Valente, 2012), training of more central abilities may enhance other spatial ability facets. Our results
suggest that navigation according to directions could be a possible target for interventions. This conclusion is supported by a meta-analysis that showed extrinsic and static spatial ability being the most malleable (see Table 4; in (Uttal et al., 2013) in comparison with other combinations of internal/external and
static/dynamic SA. Extrinsic and static SA is considered to underlie ability to ‘think about the relations
among locations in the environment, or on a map’ (Uttal et al., 2013); p. 354), which is supposedly measured by navigation according to directions test. Recent developments in augmented (AR) and virtual
reality (VR) allow for easy-to-implement, computerized programmes for spatial abilities development,
including spatial orientation (see e.g. (McLaren-Gradinaru et al., 2020). The next step in this research
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programme is to conduct experimental studies assessing whether training of navigation according to
directions using AR and VR leads to effect transfers to other spatial ability, and whether this effect is
greater compared with interventions targeting other facets of SA.
The study has a number of limitations. Firstly, we are unable to make causal conclusions given that
the data are cross-sectional and non-experimental. Secondly, in spite of the large-scale spatial ability
tests used showed good reliability in previous research (Malanchini et al., 2020), in our sample these
tests showed somewhat lower reliability that could have affected results (e.g. reduced the magnitude of
correlations across Large-scale scanning ability and Large-scale perspective-taking, and other SA tests).
The lower reliability is likely a product of time limit given for each mission within the task: if participants did not solve the task in time they were assigned with 0 accuracy. Thirdly, due to the requirements
for factor and network analysis, we needed to apply list-w ise deletion to our data and delete outliers that
reduced the initial sample by approximately one third and reduced the power for analysis. However, the
results were similar on the full sample (without outliers removal and calculating of residuals). Fourthly,
verbal ability in this study was measured by only one test –further research needs to use more comprehensive measures of verbal ability and other cognitive measures to investigate partial independence
of spatial ability from ‘g’. Fifthly, some researchers argue that large-scale spatial ability tasks that are
implemented in virtual reality are not large-scale per se (see e.g. (Hegarty et al., 2006; Taube et al., 2013).
Further research should employ tasks that involve real-life tasks that include locomotion, along with
other laptop-implemented ones.
To sum up, our results suggest navigation according to directions facet of spatial ability as a potential
target for interventions. Given the constantly replicating evidence on the importance of spatial ability
for achievement in both academic and occupational contexts, we want to again emphasize the need to
develop interventions and/or assess effectiveness of the existing ones that aim to develop this particular
facet of spatial ability. We hope that our findings on the importance of this facet of spatial ability will
inform future work on interventions for spatial ability and, ultimately, lead to development of highly
effective ways to improve achievement in STEM and other domains.
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