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ABSTRACT

1 INTRODUCTION

Motivation Prior studies have established that training spatial
skills may improve outcomes in computing courses. Very few of
these studies have, however, explored the impact of spatial skills
training on women or examined its relationship with other factors
commonly explored in the context of academic performance, such
as socioeconomic background and self-efficacy.
Objectives In this study, we report on a spatial skills intervention
deployed in a computer programming course (CS1) in the first year
of a post-secondary program. We explore the relationship between
various demographic factors, course performance, and spatial skills
ability at both the beginning and end of the term.
Methods Data was collected using a combination of demographic
surveys, existing self-efficacy and CS1 content instruments, and
the Revised PVST:R spatial skills assessment. Spatial skills were
evaluated both at the beginning of the term and at the end, after
spatial skills training was provided.
Results While little evidence was found to link spatial skills to
socioeconomic status or self-efficacy, both gender identity and previous experience in computing were found to be correlated to spatial
skills ability at the start of the course. Women initially recorded
lower spatial skills ability, but after training, the distribution of
spatial skills scores for women approached that of men.
Discussion These findings suggest that, if offered early enough,
spatial skills training may be able to remedy some differences in
background that impact performance in computing courses.

Spatial skills have been associated with achievement in STEM subjects for decades [50]. The exact mechanisms by which spatial skills
affect achievement are not well understood [30], but the evidence
that improving spatial skills can, in turn, improve outcomes in
STEM classrooms is well-established [45, 52]. Furthermore, there
is evidence that spatial skills training transfers [52] and may be of
particular value to under-represented populations [21].
Within computing specifically, recent studies have established a
link between spatial skills and outcomes in computing courses [6, 13,
36]. However, very few studies have investigated the impact of spatial skills training on under-represented groups, such as women, or
groups that are at risk of lower performance in computing courses,
such as those from less affluent socioeconomic backgrounds. In this
study, we report on an online training intervention deployed in a
first year computer programming (CS1) course at a large, researchintensive university. We report on both the outcomes of the training
and on relationships observed between spatial skills and various
participant factors. The factors – socioeconomic status (including
household income and parental education), self-efficacy, and gender
– were selected because of their prominence in the literature. In
particular, we seek to explore the following research questions:
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RQ1 Is online spatial skills training effective?
RQ2 Do men and women both benefit from spatial skills training?
RQ3 Are spatial skills related to other factors (i.e., socioeconomic
status, self-efficacy, or previous experience) associated with
differences in academic performance in computing?
In the next section, we introduce the prior work that informs
these research questions, as we describe the current state of research in spatial skills and then discuss the factors that have been
found to impact academic performance. Next, in Section 3, we introduce the educational context in which our study was conducted
and describe how data was collected. We report on our observations in Section 4 and then discuss how that evidence addresses
our research questions in Section 5. In the same section, we also
explicitly identify threats to the validity of the study. Finally, we
conclude with a few notes about future work.

2 RELATED WORK
“Spatial skills” is an umbrella term encapsulating a range of skills
related to visual processing and internal visualisation, which can
be described as “the ability to generate, retain, and manipulate
abstract visual images” [12, 29]. Spatial skills have been associated
with STEM achievement since the 1950s [50], with various studies
over the years confirming and strengthening the relationship.
Study of the relationship and impact of spatial skills is particularly developed in engineering, where Sorby (see, e.g., [44–48])
has designed training materials for spatial skills and shown that
training students on spatial skills improves academic outcomes and
increases retention [46]. Sorby’s training method consists of a set
of exercises involving spatially loaded tasks such as isometric and
orthographic drawing, rotation of 3D objects, projections of 2D
shapes to 3D objects, flat pattern folding and more. These tasks
have been shown to reliably develop spatial skills and have been
developed into a workbook [48].
The spatial skills test typically used by Sorby is the Revised
PSVT:R [59], a test of mental rotation. The participant must determine the rotation steps between two provided orientations of
an object, then apply the same sequence of rotations to another
given object and determine the correct result from a selection of
five options. The test consists of 30 items ordered by increasing
complexity (that is, later items require more rotations in more axes
than previous items). The test is issued with a time limit of 20 minutes. Sorby uses a pass/marginal/fail system to determine whether
students require training, where a pass is any score above 21, marginal is any score from 18 to 21 and a fail is 18 and below. Typically,
all failing students are required to take additional training. Training
is offered to marginally passing students but is not a requirement.
The Revised PSVT:R (with the same pass/fail/marginal breakdowns
applied) and an online implementation of Sorby’s workbook are
the instruments used throughout this study.
The relationship between computing achievement and spatial
skills has seen a peak in interest, with multiple distinct research
projects and publications examining different facets of the connection. Research has shown relationships between spatial skills and
grades [22], aptitude for source code navigation [23], level of academic attainment in computing [34, 54], achievement in validated
CS1 assessment tools [7, 13], computational thinking activities at
the primary level [31], low-level expression evaluation [36], and (as
a mediating factor) socioeconomic status and CS achievement [33].
Three independent studies have also demonstrated that training spatial skills can have a positive effect on CS outcomes, two
of which focused on CS1 cohorts [6, 13, 36]. Bockmon et al. attempted an intervention with a CS1 cohort over two years: no
intervention was used in the first year (control) and a paid voluntary spatial skills intervention was used in the second (treatment).
Both cohorts completed a revised version of the SCS1 programming test (SCS1R) [5, 32] at the start and end of the academic year.
While there was no significant difference between each cohort’s
pre-SCS1R scores, indicating that the groups were originally similar, the treatment group showed a significantly higher gain in the
post-SCS1R scores than the control group.
Parkinson and Cutts attempted a similar intervention in the same
year across a CS1 and a CS0 cohort [34]. Students were allocated into

the treatment group based on a spatial skills test (Revised PSVT:R) at
the start of the academic year, with students scoring below a passing
threshold (18/30, as previously used in engineering by Sorby [45])
required to take a mandatory spatial skills course. The CS1 cohort
had only limited course data collected and generally showed a
weak correlation between spatial ability and CS assessment. The
CS0 cohort, however, indicated a strong correlation between spatial
skills and success in CS assessment, with those taking training
improving at a much greater rate than their peers who scored
marginal passes and were not required to take training.
The mechanism by which spatial skills impact computing achievement is also an area of active research interest. Parkinson and Cutts
proposed a model in which spatial skills are related to code reading,
the identification of key points in the code, and program comprehension [34]. Margulieux, taking a wider view, proposed Spatial Encoding Strategy Theory to explain the relationship between STEM
fields, in general, and spatial skills [30]. Spatial Encoding Strategy
Theory suggests that the process of developing spatial skills in
turn develops generalizable strategies for encoding and orienting
non-verbal information.

2.1

Academic Achievement in Computing

The impact of contextual factors on tertiary-level academic achievement is well-studied, with researchers in various fields exploring a
wide range of cognitive, psychosocial (e.g., motivation, approaches
to learning, personality traits), and contextual (e.g., socioeconomic
status, secondary schooling, first-generation status) factors. In a
large meta-analysis of research conducted between 1997 and 2010,
Richardson et al. found that self-efficacy had the highest correlation
with performance, followed by secondary school and standardized
test performance, and finally various demographic and psychosocial factors [38]. The top correlate, self-efficacy, has strong connections to academic self-concept, with self-efficacy better predicting
academic achievement and self-concept predicting and mediating
motivation [8, 17]. Both are shaped by mastery experiences and
social context, such as minority status within a group or socioeconomic status. Earlier work had found a strong relationship with
family socioeconomic status (SES) [43], and a number of the factors
considered by Richardson et al. might reflect SES.
Within computing, one focus has been on predicting retention
and performance in the first programming course, often using measures from within the course [20], though some work has focused
on explaining differences or on earlier experiences. For example,
a 2018 ITiCSE working group explored early developmental activities – types of play – that might correlate with computing proficiency and found that early childhood experiences have some
impact on success [16]. Within the first programming course, several factors have been considered including standardized tests and
secondary school grades [39], mathematical ability [39, 56, 57], programming behaviours [55], abstraction ability [3], mindset [14, 56],
self-efficacy [28, 57], the ability to articulate strategy [15], study
strategies and time spent [28, 57], both formal and informal previous experiences [51, 57], and gender [28, 56, 57].
From this varied list, a few ideas stand out. First, many studies
rely on grades (either in prior contexts or the context of interest) or

engagement in course activities as data [20]. These may be observable indicators of underlying factors such as motivation, attitude,
or SES, but these studies do not, in general, seek to identify the
underlying factors which impact prior achievement or current engagement. Second, only a few studies have sought to link potentially
modifiable attributes (e.g., mathematical ability, mindset, and study
strategies) to performance.
Spatial skills, then, are important as they can be measured prior to
the course and improved. However, a limited number of studies have
investigated the relationship between spatial skills and other factors
associated with academic performance in computing. Cooper et al.
found that students at all SES levels (using the student’s school as
a proxy) benefited from spatial skills training [13]. No information
about relationships between spatial skills and SES before training
were reported. Later, Parker et al. provided evidence suggesting that
spatial skills might act as a mediator in the relationship between
SES and computing outcomes [33].

2.2 Gender and Spatial Skills
Due to persistent issues with under-representation in computing,
gender and factors related to it have received particular attention [40, 41]. Under-represented ethnic groups are less well studied,
largely because their under-representation is so pronounced as
to make measurement difficult. Work investigating the impact of
spatial skills training on under-represented groups in computing is
sparse. In a small study, Cooper et al. found suggestive evidence
that spatial skills training helped students (mostly women) from
under-represented groups but suggested that a larger study was
needed [13].
Outside of computing, several groups have argued that incorporating spatial skills into the curriculum is particularly important
for supporting women [21, 25]. There is consistent evidence that
women under-perform on some spatial skills measures [2, 9, 27, 53],
though recent work has suggested that testing procedures may
have magnified any actual difference [18]. As a result, the source of
this difference – and its magnitude – remain a topic of debate [4, 18].
Nevertheless, one measure in which women under-perform, mental
rotation (measured by the PSVT:R), has been argued to influence career and choice of study [37], making gender an important factor to
consider when studying the impact of spatial skills in the context of
computing. Fortunately, studies have consistently found that spatial
skills interventions can reduce the measured gap [24, 52], suggesting that spatial skills interventions can help increase participation
in subjects where women are currently under-represented [52].

3 METHOD
This study was conceived as a form of replication to examine prior
claims that spatial skills training improve course outcomes in computing. We also seek to contribute to understanding of the phenomenon by specifically examining the impact of spatial skills training
on an under-represented group (women) and the relationship of
spatial skills to other factors correlated with performance.
This study was conducted during the first semester (September
to December) of the 2020-21 academic year. Data was collected in a
Python-based CS1 course at a research intensive, North American
public university. All students enrolled were invited to participate

in the study. 778 students were enrolled in the course after the
deadline to add courses, and 670 completed the course. 78% of the
students who started the course consented for their survey data to
be used under a process approved by our IRB.

3.1

Contextual Information

The course is open to all students in the university but is mandatory
for students in a computing program. It is also required for students in a mathematics or statistics program. No prior experience
is assumed. About 60% of students enrolled in the course intend to
major in a computing related field, and almost all of the students
are in their first year of studies at the post-secondary (university)
level. The gender breakdown of students in the course was heavily
skewed, with self-reported men making up 74% of the population
and self-reported women making up 25%. A very small number
(around 1%) of students self-reported as another gender. The number is too small to be broken out in its own group, so statistics were
performed on “men" and “women and other genders.”
While a public institution, the university has a high number of
students from other geographic regions. 49% of the students in the
course resided in the university’s region (think of the “region” as
a county or a large metropolitan area). 13% were from outside the
region but were “domestic” (residents of the same country). 37%
were “international” (residents of another country). To add to this,
the region features a relatively large number of recent immigrants,
many of whom speak a language other than the language of instruction at home. Only 29% of the entire class reported speaking
the language of instruction at their childhood home.
Due to COVID-19, the course was conducted entirely online. The
university has previously offered a fully online CS1 offering [10] in
addition to the more common inverted (flipped-classroom) offering [11], so a proven course structure and course materials were
already prepared and ready. Additionally, the instructors were comfortable with the online environment due to an earlier term teaching
online [60].
The course was structured as a series of one-week modules. In
each week, the students reviewed preparatory material (videos with
multiple choice and short answer questions to test comprehension),
actively practiced the content and skills demonstrated during synchronous class and lab meetings, and then completed a set of coding
exercises to gauge their comprehension of the material. Despite the
expectation that students attend and participate in class meetings,
all meetings were recorded to give students a chance to review or
to attend asynchronously if needed. Labs were not recorded, but
enough sessions were held that students could attend a meeting
convenient to their timezone.
Spatial skills training was added to the course for this offering.
The instructors were provided with published research on the relationship between spatial skills and computing and were consulted
on the implementation of the intervention. The instructors decided,
given evidence that spatial skills transfer to other contexts and
that spatial skills may be more important to under-represented
populations, that they would prefer that all students complete the
spatial skills training regardless of initial spatial skills ability, so the
training was added to the weekly preparation in the first two-thirds
of the course as described in the next section. In addition, data from

additional instruments was collected at the beginning and end of
the course, as described in Section 3.3.

3.2 Spatial Skills Training
The spatial skills training was distributed across the first eight
weeks of the course. As decided by the course instructors, these
exercises were mandatory and accounted for 5% of their final mark.
None of the course content outside of the spatial skills modules
were directly related to the spatial syntax exercises, and prior to
the midterm at week six, students were informed that they did not
need to review the spatial skills-related material for tests.
The spatial skills training was delivered in a series of online
modules. Sorby’s original workbook [48] consists of 9 chapters of
drilling exercises involving a range of spatially loaded skills, including grid-guided isometric and orthographic drawing, 3D rotation,
2D flat pattern “folding” to produce 3D objects, solids of revolution, reflection, symmetry and other similar activities. A bespoke
online platform was developed to present the exercises. This was
a necessary endeavour since many of the questions (particularly
the drawing exercises) required complex interactions which could
not be effectively recreated in any known existing visual learning environment or online delivery platform. The web application
also featured automatic marking, generalised feedback and tutorial/example videos, centralising the entire spatial skills training
experience into a single platform. Sorby’s original 37 exercises,
formulated of a total of 500 questions, were all included and spread
across the 8 weekly modules.
After each weekly module, students were given an opportunity
to voice feedback about their experience with the tool. This feedback caused a change in the planned delivery of the training. The
modules were spread across eight weeks, rather than an originally
planned six, due to student concerns about the amount of time that
spatial skills training consumed. In addition, at the end of the term,
the students were provided one more opportunity to provide feedback and were also asked directly about how often they guessed
on or copied answers for the spatial skills training.
The same system was used to deploy two spatial skills assessments (the PSVT:R [59]): a pre-test in the first week and a post-test
after training was completed. Two opportunities to complete the
post-test were provided, as completion rates of the first offering
were low due to competing deadlines. Some students decided to
take both tests, and we recorded the first complete post-test score.

3.3 Research Data Collection
Based on our survey of prior work, we selected a number of potential factors to investigate in relation to spatial skills. Prior experience, socioeconomic status, self-efficacy, and gender were selected
for investigation based on prior work within computing education (for prior experience, socioeconomic status, and gender) and
prominence in the overall study of tertiary academic performance
(for self-efficacy). Data about location of residence and native language(s) were also collected due to the nature of the university
context. We did not collect secondary schooling data. Due to the
high proportion of out of state and international students, comparisons between secondary contexts is difficult, and the university
does not use a standardized test for admissions.

Students were asked to complete both a self-efficacy instrument [49] in the first and last weeks of the academic term, and
they completed a CS1 knowledge assessment (the SCS1) [32] in the
first week of the term. These are labeled as “pre-tests”. The end of
term assessment was completed in the last week of instruction but
prior to the course’s final exam and is the “post-test”. Time controls
for both instruments matched the original authors: no restrictions
for self-efficacy and a one hour limit for the SCS1.
As directed by the original authors of the self-efficacy instrument [49], factor analysis was used to examine the factorization
of the self-efficacy model obtained. It largely matched the model
reported in the paper. To make comparisons about self-efficacy
over the term, we assigned a score from 1 (“strongly disagree”) to 7
(“strongly agree”) to their responses per question. We computed the
average response for each student to represent their self-efficacy.
Some students omitted one or more questions on the self-efficacy
instrument, and the averages computed for them simply disregard
skipped items. This allows for comparisons between the pre- and
post- tests for a single student and also for evaluation of the average
self-efficacy of all students in the course. We expected an overall increase in self-efficacy over the term, as novice self-efficacy will drop
upon introduction to the material and then gradually rebound [49].
The SCS1 [32] was deployed as a proxy for previous experience.
Xie et al. raised concerns about the difficulty of the test and suggested that its use as a pre-test might encounter floor effects [58],
but no better measures of experience have, as yet, been widely
adopted by the community. Recent work has focused on shortening
the SCS1 [5] and even the original authors have used a subset of
the tool [33], but we deployed the full SCS1, as it remains the most
studied version. The instrument was deployed using a Qualtrics
survey provided by the original authors, and scores were computed
automatically by the survey. One error was found in the survey
items; that error was corrected before scores were collected.
In the third week of the term, after the deadline for adding the
course, students were asked for consent to use their data and provided with an optional demographic survey. The questions on the
survey are provided in Appendix A. The students are asked to selfreport their gender, the location of their family’s residence, and
languages spoken in their home. The students were also asked a
number of questions related to socioeconomic status. As a primary
measure, we directly asked for their household income despite
concerns that some students – and particularly lower-achieving
students – may not be able to report accurately [43]. Due to concerns about low response rates to the household income measure,
we also asked about parental education, as it represents another
facet of socioeconomic status [43].
Since several separate instruments are being used, there were
multiple opportunities for participants to not complete an instrument. We attempted to be resilient to data loss and only applied one
blanket filter: any participant who failed to complete the spatial
skills pre-test was removed. Unless otherwise stated, for all the
data presented in the next section, results were computed using all
of the participants who completed the relevant instruments. This
leads to the number of participants varying slightly between tests.
Relationships between the various factors are tested using Spearman’s rank correlation. Spearman’s was chosen since the data contained ordinal elements. Effect sizes and p-values are reported,

rather than reporting significance based on some alpha. When comparing distributions, a Wilcoxon rank sum test is used, since the
distributions observed were not normal. p-values and a confidence
interval are reported.

4 RESULTS
This section presents the data that was collected throughout the
term. We begin by focusing on the relationship between spatial
skills, both before and after training, and performance in the course.
Then, we examine data corresponding to each of the factors described in Section 3.3: prior experience, household income and
parental education, performance self-efficacy, and gender.

4.1 Spatial Skills Training
The median on the spatial skills pre-test (week 1 of the term) was 19
(n=630), in Sorby’s “marginal” range. The median of the post-test
score (after training) was 23 (n=537), in Sorby’s “pass” range. The
median gain between the pre- and post-tests was a modest 2, and
the mean gain was approximately 1.81 (n=457, since not everyone
completed both the pre- and post-tests). Parkinson and Cutts [36],
who also provided training using Sorby’s workbook, performed
the training in-person and required their students to complete all
of the exercises. If we focus on students who completed all of the
training, the mean gain increases slightly (to 2.53, n=327) but the
median gain (2) remains the same.
Next, we focus on students who under-performed on the pre-test.
Sorby considers students who score above 21 on the PSVT:R to not
need training. Considering only those students who scored 21 or
below on the pre-test and who completed all of the exercises, the
median gain increases to 4 and the mean gain increases to 4.34
(n=177). This data corroborates prior work that has demonstrated
that spatial skills training in the context of CS1 can increase spatial
skills performance [6, 35] – in this case in an online environment
– and it suggests that students with less-developed initial spatial
skills ability gain more from training.
Grade
Grade
n = 624
median (IQR) = 2.3 (2.6)
SCS1 (pre-course)
n = 628
median (IQR) = 7 (6)
Self-Efficacy (first week)
n = 707
median (IQR) = 4.04 (2.71)
Self-Efficacy (last week)
n = 498
median (IQR) = 5.56 (1.04)
Spatial Skills (pre-test)
n = 630
median (IQR) = 19 (10)
Spatial Skills (post-test)
n = 537
median (IQR) = 23 (10)

1.00
(NA)
n = 624
0.45
(< 0.001)
n = 558
0.24
(< 0.001)
n = 622
0.39
(< 0.001)
n = 491
0.27
(< 0.001)
n = 545
0.26
(< 0.001)
n = 530

SCS1
(pre)

Self-Efficacy
(first week)

Self-Efficacy
(last week)

Spatial
Skills
(pre)

Spatial
Skills
(post)

-

-

-

-

-

1.00
(NA)
n = 628
0.50
(< 0.001)
n = 628
0.33
(< 0.001)
n = 448
0.26
(< 0.001)
n = 569
0.25
(< 0.001)
n = 482

-

-

-

-

1.00
(NA)
n = 707
0.30
(< 0.001)
n = 497
0.12
(0.002)
n = 628
0.07
(0.108)
n = 536

-

-

-

1.00
(NA)
n = 498
0.12
(0.010)
n = 430
0.19
(< 0.001)
n = 472

-

-

1.00
(NA)
n = 630
0.64
(< 0.001)
n = 457

1.00
(NA)
n = 537

-

Table 1: Matrix of pairwise Spearman’s correlations between
the spatial skills and self-efficacy (pre- and post-) tests, the
SCS1, and student grades. The top number in each cell is the
correlation (r), and the numbers below are the p-value and
sample size (n).

Prior work that demonstrated the effectiveness of training also
evaluated the impact of training on performance in a computing

Figure 1: Line graph of pre-test spatial skills scores, separated into those who passed, failed, and did not complete
the course. Students with lower initial spatial skills scores
dropped the course at a higher rate.

course. [6, 36]. As we provided spatial skills training to all students,
we cannot assess the impact of training on performance in the
course, but we can investigate if there is a relationship between
spatial skills ability and course performance. We use a Spearman’s
rank correlation to investigate the relationship between the assessed
spatial skills scores and course performance measured by numeric
grade in the course (on a 4.0 scale).
The results of these correlations (as well as correlations with
other factors discussed later) are displayed in Table 1. Both the preand post-test scores on the spatial skills assessment are weakly
correlated with final course grade (r=0.26-0.27, p<0.001).
The course grade measure ignores students who chose not to
complete the course. Figure 1 displays the pre-test spatial skills
scores for students who passed the course (n=416, median=20,
IQR=9) versus those who failed (n=129, median=17, IQR=8) or
dropped (n=85, median=16, IQR=10). Wilcoxon rank sum tests suggest that the distributions of students who drop and fail are not
statistically different (p=0.282), but the distribution of those who
pass is different from both those who fail (p<0.001) as well as those
who drop (p<0.001).
Finally, we compared the distribution of spatial skills scores
for both international and domestic students, as defined by the
location of the residence of their parent(s). Domestic students scored
a median of 19 (IQR=10, n=393) on the pre-test and a median of 22
(IQR=10, n=358) on the post-test. International students scored a
median of 20 (IQR=9, n=162) on the pre-test and a median of 23
(IQR=9, n=141) on the post-test. A Wilcoxon rank-sum was used
to compare the pre- and post- test distributions. For the pre-test
distributions, no evidence was found for international students
having different spatial abilities compared to domestic students
(p=0.179). However, for the post-test distributions, there is marginal
evidence of a difference between the two groups (p=0.050).

4.2

Prior Experience

We used an established language-independent measure of CS1
knowledge, the SCS1 [32], as a proxy for previous experience. The
SCS1 was delivered as an online assignment in the first week of the
term. The SCS1 consists of 27 items. The mean and median scores
were 8.23 (SD=5.38) and 7 (IQR=6), respectively.

Table 1 displays correlations between the SCS1, course performance, and spatial skills assessments. The moderate correlation
(r=0.447, p<0.001) between the SCS1 and course grade indicates that
students with prior experience in the course have an advantage,
as expected. There is also a weak correlation between the SCS1
and both the pre- (r=0.264, p<0.001) and post- (r=0.253, p<0.001) assessments of spatial skills. This suggests that students with greater
prior experience tend to begin with – and to maintain – stronger
spatial skills ability.

4.3 Socioeconomic Factors
We asked for both an estimate of household income and for the
parent’s education levels, as both represent facets of socioeconomic
status. The response rate to the question about household income
was low (only 230 respondents compared to 720 for other questions
on the survey). This was not unexpected [43], since students may be
either uncomfortable responding to a direct question about income
and unsure of their family’s income. We checked for correlations
with grades (r=0.08, p=0.225), the spatial skills pre-test (r=0.00,
p=0.610) and post-test (r=0.02, p=0.465), the SCS1 (r=-0.01, p=0.883),
and self-efficacy pre-test (r=0.05, p=0.410) and post-test (r=0.18,
p=0.018). Unfortunately, the lack of correlation with final grade,
which has been identified in many other contexts [43], suggests
that the data collected is not representative of the full population.
Response rates to the questions about parental education (n=481)
were higher but still below the response rates for other questions,
suggesting that students remain uncomfortable answering these
questions or simply are not aware of their parents’ educational
achievements. As before, we explored correlations with grades, spatial skills, the SCS1, and self-efficacy and found negligible evidence.
There was only a weak, negative correlation (r=-0.12, p=0.016) between a student’s post-test spatial skills score and the educational
attainment of their guardians. As before, the lack of correlation with
final grade suggests that the data collected is not representative of
the full population.

4.4 Self-Efficacy
Self-efficacy was evaluated in the first and last weeks of the semester. The median self-efficacy score in the first week was 4.04 of 7
(IQR=2.71), and was 5.56 (IQR=1.04) in the last week. As expected,
the average self-efficacy increased over the term, as students encountered successes learning the material, and the IQR decreased,
as prior experience matters less after a term of shared experiences.
Table 1 contains data on the correlations between the self-efficacy
instrument deployments, grades, and spatial skills. There is only
a weak (r=0.30, p<0.001) correlation between the self-efficacy of
students measured in the first (pre-) and final (post-) weeks. This
is expected: self-efficacy develops over time, as a result of mastery
experiences, but it will not necessarily increase in a consistent manner for all students. Final week self-efficacy is moderately (r=0.39,
p<0.001) correlated with the final grade in the course, while first
week self-efficacy has a weaker correlation (r=0.24, p<0.001). Both
of these results are also expected, as student self-efficacy at the end
of the term, after several weeks of relevant experiences, should be
more related to actual ability.

Figure 2: Line graph of pre-test scores by gender. The distribution of scores for women is lower (shifted to the left)
relative to the distribution for men.

Finally, we examined the relationship between self-efficacy and
spatial skills ability. The relationship between the pre-tests of selfefficacy and spatial skills is very weak (r=0.12, p<0.001). The relationship between the post-tests of self-efficacy and spatial skills is
slightly stronger (r=0.19, p<0.001) but remains negligible.

4.5

Gender

We asked students to self-identify their gender. As noted in Section 3.1, a small number of students reported a gender other than
man or woman. We chose to include these students with women,
as there were too few to analyze separately and as we felt they
would, like the women in the course, be experiencing effects of
under-representation.
We observed a difference between the performance of men and
women on both the pre- and post- tests of spatial skills. Considering
only the students who completed the pre-test and a post-test, we
find that men (n=307) scored a mean of 20.27 (SD=6.07) and median
of 21 (IQR=8) on the pre-test. Women (n=95) scored an average of
17.01 (SD=6.32) with a median of 17 (IQR=9). Figure 2 shows the
distribution of scores for men and women on the pre-test. Since the
distribution of pre-test scores is left skewed, we used the Wilcoxon
rank-sum two-sided test (p<0.001) and obtained a 95% confidence
interval of (2, 5), suggesting that the average difference between
men’s and women’s pre-test scores is between 2 and 5 points.
After training, the difference in spatial skills scores declines but
does not disappear. Figure 3 shows the distributions of scores for
men and women, again only considering students who completed
both the pre-test and a post-test. The distributions are more similar, but the distribution of women’s scores remains lower. Men
(n=307) scored an average of 21.91 (SD=6.54) on the post-test, with
a median of 23 (IQR=9). Women (n=95) scored a a mean of 19.93
(SD=6.84), with a median of 21 (IQR=9.5). Using the Wilcoxon ranksum two sided test (p=0.007), the 95% confidence interval for the
difference between the two average scores is (1, 3), suggesting that
the difference in scores has decreased but has not been eliminated.
The counts of men and women in the analysis above are low
because we considered only students who completed both the pretest and post-test. 173 students completed the pre-test but did not

Figure 3: Line graph of post-test scores by gender. The distribution of scores for women is more similar to that of the
men in comparison to the pre-test.
complete the post-test. If we consider all students who completed
the spatial skills pre-test, then men (n=390) scored a mean of 19.97
(SD=6.23) with a median of 21 on the pre-test. The mean declined
by 0.3 and the median did not change. Women (n=127) scored a
mean of 16.09 (SD=6.41) with a median of 15 – a drop of 0.92 in
the mean and 2 on the median. This larger shift in the mean and
median suggests that women with low initial spatial skills are at
higher risk of dropping the course.
To investigate this result, we examined the distribution of final
grades and drop rates for both men and women. While a number of
women perform very well, a larger proportion dropped the course
than men. Specifically, 12% (n = 156) of women drop the course
compared to only 8% (n = 459) of men. Furthermore, 26% of women
fail the course, compared to 20% of men.
These trends are reflected in the final grades in the course. On
average, men obtain a mean final grade of 2.14 on a 4 point scale
(SD=1.4) with a median grade of 2.7 (IQR=2.3). Women had a mean
grade of 1.87 (SD=1.4), with a median of 2.3 (IQR=3.0). A Wilcoxon
rank-sum two sided test (p=0.042) yields a 95% confidence interval
of the difference between the two average final grades of (0, 0.4).
The p-value suggests that the evidence of a difference is marginal,
with men appearing to continue to hold a slight advantage.

5 DISCUSSION
5.1 RQ1: Spatial Skills Training
The data presented in Section 4.1 suggests that training spatial skills
using online resources is effective. We saw a median 2 point (out of
30) increase in spatial skills across all students who completed both
the pre- and a post- assessment. However, we saw a significantly
larger 4 point median gain when considering only the students
the Sorby believed would benefit from training. These gains are
comparable to those observed in in-person spatial training reported
previously [6, 36]. The latter observation also suggests that spatial
skills training is particularly important for students who enter the
course with less preparation.
Based on Figure 1 and the drop rate data we observed, we believe
there is a need to accelerate the training or to provide it prior to the
course. As discussed in Section 4.5, including the students who did

not complete the course lowered the average spatial pre-test scores,
indicating that students who dropped the course are more likely to
be facing a spatial skills deficit compared to their peers who remain
in the course. In our case, spatial skills training took place over the
first two-thirds of the course. If spatial skills do have an impact on
computing outcomes, those skills may have been developed too
late to prevent students with a deficit from falling behind.
Efforts to accelerate the training, however, may be challenging
due to its perceived difficulty. After each spatial skills assessment
and training module, the students were provided with an option
to provide feedback and to report any issues they encountered. In
addition to the weekly feedback, the students were asked three
relevant questions in the final course survey. The first question
asked how often they guessed the answer to exercises in the spatial
skills training. The second question asked how often they directly
copied answers to exercises in the spatial skills training. The third
question provided a final opportunity to provide feedback.
The free response feedback indicates that students found the
spatial skills content challenging. Feedback in the early weeks
suggested that students were spending more time (2-3 hours per
week) on training than we expected given what we had been told
about in-person training (1-2 hours per week), so we reduced the
number of modules per week to deliver the training in eight, rather
than the original six, weeks. Students also voiced concerns that they
did not see how spatial skills helped them program. We responded
with a summary of the research on spatial skills and reiterated a
message from earlier in the term that we believed that the training
would help not only in computing but also in other fields. This
explanation reduced the number of concerns voiced in the weekly
feedback, but in the final survey, 20 students (of 478 respondents)
explicitly noted that they disliked or hated the spatial skills training,
while only 4 explicitly noted that they enjoyed it. This feedback
suggests that instructors will need to be particularly careful to
provide support resources and to explain (and reinforce) the reason
why spatial skills exercises are included in the course.
Despite the difficulty, students reported that they engaged honestly with the material. Table 2 shows the responses to two questions about guessing and copying that were on the final survey. This
is self-reported data, so students may not have been comfortable
disclosing this behaviour. As a result, the distributions may underreport guessing and copying behaviour. However, students were
given the opportunity to not respond, and relatively few exercised
this option. The results support the idea that the students found
the spatial skills exercises challenging, with the majority reporting
that they needed to guess at least “sometimes”, and 18% of the class
reporting that they did so often. Very few reported copying answers,
however, suggesting that the majority attempted the training.

5.2

RQ2: Spatial Skills Training and Gender

In Section 4.5, we observed that women entered the course with
lower spatial skills than men and that they completed the course at
a lower rate than men. While the reasons for a spatial skills deficit
are debated, it has been documented in other fields [4, 27]. Our
observations confirm that this effect is present in computing, as it
is in other STEM disciplines.

Almost
Do Not Wish
Always
Often
Sometimes
Rarely
Never
to Respond
On spatial skills exercises, how often did you guess answers?
24 (4%) 68 (14%) 175 (36%) 109 (29%) 91 (18%)
17 (3%)
On spatial skills exercises, how often did you copy answers?
4 (0%)
4 (0%)
14 (2%)
21 (4%)
425 (87%)
20 (4%)
Table 2: Responses to the the end-of-term survey. Many students reported needing to guess but very few reported copying.

Fortunately, researchers in other fields have also reported that
the skills deficit can also be addressed through training [24, 52],
and we observed a similar trend. When we analysed the individual differences between pre- and post- test scores for both men
and women, women improved an average of 2.92 points (of 30)
between the two tests, in contrast to an average gain of only 1.64
for men. This result aligns with our previous analysis showing that
students with lower starting spatial skills scores improved more,
and it emphasizes that the narrowing gap in spatial skills we saw
in the post-test is not driven by students dropping the course.
Jones and Burnett have argued that incorporating spatial skills
into a curriculum is particularly important for supporting women [21].
Our results support their argument. We have demonstrated evidence that many women enter the course with a disadvantage in
their spatial skills preparation and that training in the course can
reduce – though not, in our case, totally eliminate – that gap.
Unfortunately, due to the demographics of our course, we were
unable to collect evidence to evaluate the impact on other underrepresented groups. This should be the focus of future work.

5.3

RQ3: Spatial Skills and Other Factors

We observed evidence suggesting that spatial skills (measured in
both the pre- and post- tests) are weakly correlated with both
prior experience with computing (as estimated by the SCS1) and
demonstrated ability in the course (as estimated by final grades).
We also saw a very weak relationship between spatial skills and selfefficacy, but did not obtain any evidence of a relationship between
spatial skills and factors related to socioeconomic status (SES).
Previous Experience and Self-Efficacy: The relationship between spatial skills and computing experiences is expected, given
prior work that has demonstrated relationships between spatial
skills ability and performance in computing courses [34, 54] and
achievement in validated CS1 assessment tools [7, 13]. Given the
moderate correlation between self-efficacy and performance, the relationship between spatial skills and self-efficacy might be viewed
as a residual relationship. We suggest that mastery experiences
related to spatial skills do not naturally contribute to a student’s
self-efficacy in computing. The students in our context did not
perceive these experiences as contributing to their computing ability. This result contrasts with increases in confidence observed
by Cooper et al. [13]. It is possible that the students in that study
may have been able to compare their computing-related mastery
experiences with peers who did not receive spatial skills training.
It’s also possible that the measurements of confidence in Cooper
et al.’s study and self-efficacy in ours are not compatible. Further
work will be required to further investigate this question, but we
believe our observations at least emphasize the need to explain and
motivate spatial skills training for students.

Socioeconomic Status: The lack of any evidence of a relationship between spatial skills and factors related to socioeconomic
status (SES) was unexpected, given the prior work by Parker et
al. [33] that proposed that spatial skills might act as a mediator
between SES and computing outcomes. However, we also failed
to see expected links between SES and performance in the course,
which casts doubt on the quality of our SES data. Collecting SES
data is difficult, and the various measures used to evaluate it can be
unreliable [42], so we believe it is more likely that the link observed
by Parker et al. exists and that additional measurement is required.
parental educational level and household income, which we attempted to measure, are commonly used measures of SES, but we
observed lower response rates to both of these questions. In the future, we will explore other factors, such as parental occupation [19]
or the family affluence scale [26].

5.4

Threats to Validity

During this study, a number of threats were identified related to
the global environment and the deployment of the intervention
and data collection instruments. The first and most obvious issue is
the COVID-19 pandemic. Originally, we planned to compare learning outcomes and course completion rates across years to provide
additional evidence for questions about the impact of spatial skills
training on learning outcomes in computing courses. However, with
COVID-19 forcing changes to delivery and, in general, increasing
the stress on students, this comparison has had to be postponed.
While we believe the course grades reported are as valid a measure
of student performance in the course as they are in “normal” terms,
the distribution of grades is not comparable to other years. In particular, we believe that a larger number of students did not complete
the course, in comparison to prior years, due to stresses imposed by
COVID-19 remote learning. We anticipate collecting further data to
address this question in the future, as we and the course instructors
are convinced that spatial skills training has the potential to have
an out-sized impact on under-represented communities.
The second issue relates to the deployment of the spatial skills
post-test. Participation in the post-test was low, so a second opportunity to complete the test was provided. Some students chose
to do the test twice, despite being told that they only needed to
complete it once. We decided to use the first complete post-test
score per student for our analysis.
Finally, we must be careful about drawing conclusions that are
too strong from a single study. This work explicitly aimed to confirm and then extend prior work in the area, to build up a corpus of
literature from multiple contexts to allow for stronger conclusions
to be drawn by a later meta-analysis. While we did observe trends
that align with prior work – in particular, in the relationship between spatial skills and academic achievement, and in the larger

impact of spatial skills training on women – we were unable to confirm links between socioeconomic status and spatial skills that have
been reported in prior work. This study does not invalidate that
work, as noted earlier, but it does highlight the need for replication
in computing education [1].

6 CONCLUSIONS
We deployed an online spatial skills training intervention in a CS1
context, evaluated its impact, and collected data on potentially related factors that are linked to academic performance in computing
at the post-secondary level. We found strong evidence that online
training is effective at improving spatial skills, and is particularly
effective for students with a spatial skills deficit identified by the
initial spatial skills assessment. This result is particularly relevant
to our efforts to decrease the under-representation of women in
computing, as we observed that women entered the course with
deficits in spatial skills at higher rates than men.
We also documented links between spatial skills factors linked
to academic performance in computing, such as self-efficacy and
prior experience with CS1 content. Our observations suggest that
while students with more computing experience tend to exhibit
higher spatial skills, students will not naturally connect spatial
skills training to their computing abilities, so instructors deploying
such interventions need to explain and motivate that link.
We were unable to gather evidence to determine if increasing
spatial skills with training also increased performance in the course,
but we have concerns, based on observed drop rates, that the training may have been implemented too late in the term to be fully
effective. We anticipate collecting further data in future terms to
determine if the spatial skills intervention is effective at improving course performance in our context, and we encourage those
deploying spatial skills interventions to do so as early as possible.
We also encourage other instructors and researchers to consider
deploying a spatial skills assessment in their context. Additional
evidence related to our findings about the spatial skills - gender
link in computing is needed, and this link should also be explored
in other under-represented groups. With the mounting evidence
in computing that improved spatial skills are related to improved
learning outcomes, it is particularly important to deploy and study
interventions, like spatial skills training, that have the potential to
support the retention of students in under-represented groups.
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A

DEMOGRAPHIC SURVEY

Please answer the following questions to the best of your ability. If
you do not wish to answer any question, you may skip it.
(1) What [region] do your parent(s) reside in? If your parent(s)
live outside of [country], please provide their country of
residence.
(2) Do you receive [government financial aid program]? (Yes,
No, Unsure)

(3) What is your household annual income (estimated)? (5 bins,
“I do not know”, “I prefer not to answer.”)
(4) What is the highest level of education completed by one of
your parents? (Primary or none, Secondary, Certificate or
2-year (College) Degree, 4-year (University) Degree, Postgraduate Degree)
(5) What is the highest level of education completed by another
of your parents? (Primary or none, Secondary, Certificate
or 2-year (College) Degree, 4-year (University) Degree, Postgraduate Degree)
(6) What language(s) were spoken in your childhood home?
(7) If you are currently employed, how many hours do you work
in a typical week? (4 bins)
(8) What is your self-identified gender? Please leave this blank
if you prefer not to answer.
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