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Spatial Visualization Gains by Mode in Lower-PSVT:R First-Year 
Engineering Students 
 
1. Introduction 
 
Spatial visualization, the ability to mentally manipulate 3D objects, is a crucial skill for success 
and persistence in STEM disciplines. Strong spatial skills correlate with better performance in 
core courses such as Calculus, Chemistry, and Physics, as well as higher retention rates in 
engineering [1], [3]. Although students enter first-year engineering programs with varied 
preparation, research confirms that spatial thinking is a malleable skill, rather than an inherent 
trait [1], [2]. Engineering educators who include targeted interventions to strengthen these skills 
early on may promote an equitable learning environment and student success [3], [4], [5], [6]. 
 
Students who demonstrate skills in spatial visualization have been shown to both perform well 
and persist well in STEM fields [1], [7]. The literature in pre-college age students consistently 
links high spatial ability to higher performance on the math SAT, higher levels of creativity, and 
higher performance in STEM college courses [8], [9], [10]. In longitudinal studies to define the 
role of spatial visualization in engineering education,  Sorby demonstrated the potential for an 
academic intervention consisting of spatial visualization assessment and intervention to impact 
achievement and persistence in undergraduate engineering programs [1], [3], [4], [11].  
 
The malleability of spatial skills has led to the validation of effective interventions, most notably 
a multimodal 10-module method [12]. This standardized approach typically combines guided 
tutorials, handheld manipulatives, workbook sketching exercises, and interactive software. 
Furthermore, it emphasizes student-centered instruction by providing students with opportunities 
to actively construct and manipulate representations through gesture, sketching, visualization, 
and embodied interaction. Through these exercises, they can make explicit connections between 
physical or representational actions and the spatial information those actions convey [13]. This 
intentional integration provides students with structured, repeated practice, resulting in 
significant improvements on standardized assessments such as the Purdue Spatial Visualization 
Test: Visualization of Rotations (PSVT:R) [14].  
 
The PSVT:R is a 30-question psychometric assessment of mental rotation ability designed to 
measure an individual’s ability to perform specific spatial tasks, including rotating and 
manipulating three-dimensional objects [14], [15]. With over 50 years of use of the PSVT:R as 
an assessment for spatial ability, the use of such an assessment in concert with an effective 
spatial skill training has been offered in various engineering education settings, from pre-college 
(e.g., [10]) to college (e.g., [3], [5], [16]). Consistent with prior Sorby-based spatial intervention 
research, students scoring less than or equal to 18 out of 30 on the PSVT:R are typically 
identified as candidates for spatial skills instruction, in which raw PSVT:R gains are directly 
linked to enhanced academic performance and increased persistence in engineering (e.g., [1], 
[3]). 
 
While the efficacy of the Sorby 10-module approach is well-established, a critical gap remains 
regarding the influence of instructional delivery mode on its outcomes. Recent shifts in higher 
education, particularly the rise of online, asynchronous, and flipped classroom models (e.g., 

 



[17]), necessitate a direct comparison. For example, Broadbent and Poon [18] found, in a 
systematic review of online higher education, that time management, metacognitive regulation, 
and effort regulation were among the strongest predictors of academic success in online 
environments. Similarly, Drumm [19] reported that students who actively apply individual 
learning strategies achieve better outcomes in asynchronous pathways, whereas those without 
such strategies exhibit greater performance variability. For flipped courses, Blau and 
Shamir-Inbal [17] emphasize that co-regulation and co-creation processes in redesigned flipped 
courses can enhance academic outcomes when students actively engage with peers and 
instructors during application activities. 
 
Research on spatial visualization development has shown success in blended [20], hybrid [21], 
and web-based [22], [23] implementations. Veurink, Richards, and Sorby demonstrated the 
effective use of the PSVT:R assessment and intervention during the COVID-19 global pandemic 
through remote learning in synchronous and asynchronous settings compared to traditional 
offerings pre-pandemic [24], [25].  
 
While these previous works provide insight into how to deliver and assess the 10-module 
method, limited research directly contrasts the impact of delivering the 10-module method across 
three primary formats: Traditional face-to-face, Virtual-Asynchronous, and the Flipped 
classroom model. Each instructional method offers varied levels of flexibility, structure, 
challenges, and interaction that may differentially affect the required practice for spatial skill 
development.  
 
Thus, this research seeks to address this gap by presenting a quantitative comparative study to 
examine spatial reasoning gains across these three instructional modalities (Traditional 
face-to-face, Virtual-Asynchronous, and the Flipped classroom). The guiding question for this 
work is whether the mode of delivery affects the effectiveness of the established 10-module 
intervention delivered through a first-year engineering course designed to improve students’ 
spatial reasoning skills.  
 
This study uses data from three consecutive first-year cohorts, each experiencing the 
standardized curriculum delivered by the same instructor to ensure consistency. Student 
outcomes are measured using the PSVT:R as a pre-test and post-test, comparing the magnitude 
of gains across the delivery modes. Specifically, this study seeks to answer the following 
research questions (RQ): 
 

●​ RQ1: Do PSVT:R gains (Post − Pre) differ across delivery modes among students with 
PSVT:R pre-test scores of ≤ 18?  

●​ RQ2: Is PSVT:R gain associated with course grade points, and does this association 
differ by delivery mode?  
 

The findings of this work are intended to inform program-level decisions about scalable 
spatial-skills instruction that improves overall outcomes while avoiding unintended inequities in 
early engineering pathways. 
 
 

 



 
2. Methods 
 
2.1 Study Design and Setting 
 
We used a quantitative, quasi-experimental cohort comparison design to examine spatial 
reasoning gains across three instructional delivery modes in a first-year engineering spatial 
visualization intervention course. The data comes from a non-randomized, convenience sample 
consisting of three consecutive cohorts of first-year students enrolled in a spatial reasoning class 
during 15-week fall semesters, 2019, 2020, and 2021. Each cohort experienced a single delivery 
format: Traditional face-to-face (2019), Virtual-Asynchronous (2020), or Flipped classroom 
(2021).   
 
It is important to note that Virtual-Asynchronous (2020) and Flipped classroom (2021) were 
delivered during the COVID-19 global pandemic. The Virtual-Asynchronous (2020) format was 
implemented during a period of emergency remote instruction, and the Flipped classroom (2021) 
was implemented during continued pandemic-related disruptions when students were navigating 
evolving campus policies, altered social dynamics, and lingering uncertainty [26]. While the 
course implemented the same 10-module multimodal spatial visualization curriculum across all 
semesters and was taught by the same instructor to maximize instructional consistency across 
delivery modes, broader contextual stressors may have influenced student motivation and 
engagement differentially across cohorts. These external factors represent an inherent limitation 
of this quasi-experimental cohort design and should be considered when interpreting findings 
across instructional modalities. 
 
2.2 Participants and Eligibility 
 
First-year students are enrolled in the spatial visualization intervention course based on their 
performance on the Purdue Spatial Visualization Test: Visualization of Rotations (PSVT:R) [14], 
which is administered as part of a pre-enrollment assessment through the university’s learning 
management system (LMS) to all incoming engineering and engineering studies majors between 
May and June prior to matriculation. Students who score 18 or lower on this summer PSVT:R 
assessment, or who do not complete the assessment, are recommended and enrolled in the 
optional one-credit spatial visualization intervention course. 
 
Our study sample was selected from a non-randomized, convenience sample of a total of 186 
first-year engineering students who enrolled and completed the spatial visualization course 
across all three instructional delivery modes during the fall semesters of 2019 (Traditional, n = 
66), 2020 (Virtual-Asynchronous, n = 63), and 2021 (Flipped, n = 57). Figure 1 illustrates the 
participant selection process (further detailed in Section 2.5), which included only those students 
with low initial spatial visualization (PSVT:Rpre ≤ 18) and valid paired pre- and post-scores who 
completed the spatial visualization intervention. The final sample consisted of n = 58 students: 
Traditional (n = 26), Virtual-Asynchronous (n = 13), and Flipped (n = 19). 

 



 
 

Figure 1. Flowchart of participant selection across multiple academic years of the spatial 
visualization intervention at Clarkson University, in which first-year engineering majors 

complete PSVT:R assessments 
 
2.3 Curriculum and Delivery Modes 
 
The intervention used a widely adopted 10-module multimodal approach consisting of guided 
instruction, structured sketching practice, and hands-on and software-based activities [5]. 
Students used a sketching workbook and snap cubes/handheld manipulatives; the course also 
incorporated interactive instructional software [27] and short “getting started” materials aligned 
with each module [25]. Below, we summarize the implementation by delivery mode.  
 
2.3.1 Traditional: 
 
In the Traditional format, students completed workbook sketching pages and multiple-choice 
items as homework. In class, the instructor administered short concepts or sketching quizzes 
after introducing each module. Quiz items were typically drawn from challenging module 
problems that the instructor partially discussed during class. When quizzes included sketching, 
students were allowed multiple attempts before submitting their work; if the instructor observed 
difficulty after an initial attempt, the instructor provided guided support without revealing the 
answer.  
 
In addition to weekly quizzes and homework, students completed two in-class examinations. 
Exam 1 covered Modules 1 to 5. Exam 2 covered Modules 6 to 10 and included the PSVT:R 
post-test as Part 1 (timed), followed by Part 2, which consisted of problems aligned with 
Modules 6 to 10.  In the Traditional face-to-face delivery mode, the actual PSVT:R pre-test score 
was not included in student course grade points; however, the PSVT:R post-test score was used 

 



to calculate their Exam 2 grade. No teaching assistants supported instructional delivery in the 
Traditional format. 
 
2.3.2 Virtual-Asynchronous:  
 
Implementation details, specific to the pandemic-era asynchronous delivery (the 
Virtual-Asynchronous format), are presented in [24] and [25]. Nonetheless, for the reader's 
convenience, we summarize it here. In the Virtual-Asynchronous format, students completed 
course content independently through the LMS. Students purchased the newly developed 
sketching workbook and snap cubes/handheld manipulatives.  For each module, students were 
provided pre-recorded mini-lectures, module “getting started” videos, and the instructional 
software developed by Sorby through the LMS.  
 
Additionally, the instructor recorded and uploaded homework-help videos for selected modules 
to the LMS. The content covered in the mini-lectures was consistent with the Traditional format; 
however, the sample exercises used in the asynchronous materials differed from those used 
during the face-to-face instruction. In this delivery mode, the course emphasized a design project 
rather than in-class examinations, and optional homework and quizzes were available to replace 
missed or lower-graded assignments.  
 
The PSVT:R pre- and post-tests in Virtual-Asynchronous were included in the calculation of 
student course grade points; however, not as the actual PSVT:R score. Instead, all students who 
attempted the assessment received 100 percent on the corresponding quiz. If a student did not 
attempt the quiz corresponding to the PSVT:R pre- or post-test, they received a zero for that 
grade. No teaching assistants supported instructional delivery in the Virtual-Asynchronous 
format. 
 
2.3.3 Flipped Classroom:  
 
In the Flipped classroom format, students engaged with the same core instructional materials as 
in the Virtual-Asynchronous format and purchased the same sketching workbook and snap 
cubes/handheld manipulatives. However, before attending a weekly face-to-face class, students 
were required to view the pre-recorded mini-lectures, module “getting started” videos, 
homework-help videos, and try out the instructional software provided through the LMS. At the 
start of class, during the weekly face-to-face sessions, students completed in-class quizzes on the 
material covered in the mini-lecture. The instructor then reviewed the quizzes and addressed any 
misconceptions.  Following this review, students worked on individual and group sketching 
example problems, then started homework individually or in small groups. Similar to the 
Virtual-Asynchronous format, the course emphasized a design project rather than in-class 
examinations, and optional homework and quizzes were available to replace missed or 
lower-graded assignments.  Furthermore, as in Virtual-Asynchronous delivery, the actual 
PSVT:R pre- or post-test scores were not used to calculate grades; however, students received 
100 if they attempted it, corresponding to a quiz grade of 100, and zero if no attempt was made. 
 
Founded on the knowledge that peer mentoring and cooperative learning improve student 
outcomes (e.g., [28]), undergraduate teaching assistant support was incorporated for instructional 

 



delivery in the Flipped classroom format. During the weekly face-to-face sessions, in addition to 
the instructor, one to two undergraduate teaching assistants supported small-group sketching, 
provided individualized feedback to students on in-class quizzes and homework assignments, 
and assisted with grading. 
  
2.4 Measures and Outcome Definitions 
 
For first-year, first-semester students who were enrolled in and completed the optional one-credit 
course in one of the three delivery modes, we assessed spatial visualization using the Purdue 
Spatial Visualization Test: Visualization of Rotations (PSVT:R) [14], readministered as a pre-test 
at the beginning (Week 1) of the semester and a post-test after completion of the module 
sequence (Week 13).   
 
We define spatial visualization (PSVT:R) gain, the raw score change on the PSVT:R points, for 
each student as: 
 

 Gain = PSVT:Rpost − PSVT:Rpre,​ ​ ​ ​ (1) 
 
where:   

PSVT:Rpost = PSVT:R post-test scores on the assessment taken at Week 13, and 
PSVT:Rpre = PSVT:R pre-test scores on the assessment taken at Week 1 of the semester. 

 
Recall that the PSVT:R uses a fixed 0–30 scoring scale, so reporting Gain in points is directly 
interpretable. PSVT:R scores are discrete, and so are the gains in these scores. Analyzing Gain as 
raw score change preserves that measurement structure. Prior spatial-skills intervention studies 
likewise report and analyze pre/post point gains (difference scores) on the PSVT:R, including 
gain-score analyses by Sorby and Baartmans [29], reporting of PSVT:R point gain by Harris, 
Harris, and Sadowski [30], and reporting the results in terms of mean gains by Hoople et al. [31]. 
While normalized gain is widely used in physics education research for percent-based 
instruments [32], the analogous normalization for PSVT:R would be Gain / (30 − PSVT:Rpre).  
However, this transformation converts whole-number changes into a continuous quantity and can 
introduce heteroskedasticity, with greater variability in normalized gains near the upper end of 
the scale where 30 − Pre is small. Accordingly, we keep Gain in points for interpretability and 
account for differences in starting ability by including PSVT:Rpre as a covariate in our multiple 
linear regression model (see Section 2.6.3) that relates course performance (GradePts) to Gain 
and delivery mode. Furthermore, we measured course performance using course grade points on 
a 0.0 to 4.0 scale. 
 
Within the Traditional instructional delivery mode, PSVT:R assessments were administered in 
class using paper-based test booklets with bubble sheets. However, for both the 
Virtual-Asynchronous and the Flipped classroom delivery modes, the PSVT:R pre- and post-tests 
were administered asynchronously through the LMS. The PSVT:R assessments in the 
Virtual-Asynchronous and Flipped formats awarded credit for completion rather than a score. 
Thus, the observed gains in these modes should be interpreted cautiously.   
 
 

 



2.5 Data Sources, Inclusion Criteria, and Cleaning Procedures 
 
In this quasi-experimental study, 186 first-year engineering students completed the spatial 
visualization course across all three instructional delivery modes (Mode). The students were 
distributed across three instructional modalities as follows: Traditional (n = 66), 
Virtual-Asynchronous (n = 63), and Flipped (n = 57). However, data cleaning was required to 
address the research questions of this study.  
 
Data cleaning procedures included (i) standardizing variable names and formatting; (ii) removing 
records with missing PSVT:R pre- or post-test scores; (iii) excluding records with implausible 
PSVT:R completion times (for example, a participant with a completion time of 7 minutes and 
40 seconds for the pre-test and 3 minutes for the post-test); and (iv) filtering out unusable cases 
such as students who did not provide consent to the study. For the present analysis, we further 
restricted the sample to students with low initial spatial visualization (PSVT:Rpre ≤ 18) and valid 
paired pre/post scores; after applying these criteria, 128 records were excluded from inferential 
analyses. The final sample consisted of n = 58 students: Traditional (n = 26), 
Virtual-Asynchronous (n = 13), and Flipped (n = 19). This study extends prior work by [24] and 
[25]; accordingly, the Traditional (2019) and Virtual-Asynchronous (2020) datasets used in this 
work reflect the cleaned versions reported in those studies to ensure methodological consistency 
and comparability across delivery modes. 
 
2.6 Statistical Analysis Plan 
 
2.6.1 Descriptive Statistics and Visualizations:  
 
For this work, we computed overall and mode-specific descriptive statistics (mean and standard 
deviation) for PSVT:Rpre, PSVT:Rpost, and Gain. The sample of students with baseline PSVT:R 
scores ≤ 18 (n = 58) were analyzed. Next, we computed each student’s Gain in the PSVT:R 
scores. The normality of the Gain distribution was assessed using Shapiro-Wilk tests overall and 
within each instructional delivery mode (Traditional, Virtual-Asynchronous, Flipped). Since 
these tests did not indicate deviation from normality, we used two-sided paired-samples t-tests to 
evaluate pre–post change in PSVT:R overall and within each delivery mode. We also ran 
two-sided Wilcoxon signed-rank tests overall and by delivery mode as a nonparametric 
sensitivity analysis.  
 
2.6.2 RQ1 Analysis - Gain Differences by Delivery Mode (PSVT:Rpre ≤ 18):  
 
Since group sizes were unequal and homogeneity of variance could not be assumed, we used 
Welch’s one-way ANOVA (unequal-variance ANOVA) to compare mean Gain across the three 
delivery modes (Mode) [33]. Following the omnibus test, we conducted Games-Howell pairwise 
post-hoc comparisons, which are appropriate for unequal variances and unequal sample sizes, 
and reported adjusted p-values. 
 
As a nonparametric sensitivity check that does not rely on normality assumptions, we also 
conducted a Kruskal-Wallis rank-sum test comparing Gain across delivery modes. All tests were 
two-sided with a significance level of α = 0.05.  

 



2.6.3 RQ2 Analysis - Relationship Between Gain and Course Performance:  
 
For this study, spatial visualization gain was measured using Equation (1). Furthermore, the 
measured course performance used was course grade points on a 0.0 to 4.0 scale. Instructional 
delivery mode, Mode, was treated as a three-level categorical factor (Traditional, 
Virtual-Asynchronous, Flipped). ​
​
Mode was coded as a three-level categorical factor and used Traditional as the reference category 
so that the estimated Mode coefficients represent differences in expected grade points for 
Virtual-Asynchronous and Flipped relative to Traditional, conditional on the same PSVT:R 
pre-test score. Traditional was then selected as the reference because it represents the 
conventional instructional format in the program and provides a substantively meaningful 
baseline for interpreting whether alternative delivery modes differ from standard practice; this 
choice affects only the interpretability of the coefficients (i.e., the contrasts reported) and does 
not change overall model fit or predicted values. ​
​
Next, PSVT:Rpre score (i.e., Pre = PSVT:Rpre) were included as a covariate so that, when 
estimating the relationship between Gain and course grade points, the model compares students 
who had the same PSVT:Rpre score (i.e., the same starting spatial visualization level). To thus 
evaluate whether spatial visualization gains relate to course performance and whether that 
relationship differs by instructional delivery mode, Mode, we fit an ordinary least squares (OLS) 
linear regression model with an interaction between Gain and Mode: 
 

GradePtsi = β0 + β1 Gaini + β2 Prei + β3 Modei + β4 (Gaini × Modei) + εi.​ ​ (2) 
 

We also report coefficient estimates, standard errors (SE), t-statistics, and p-values from the fitted 
OLS model (see Table 3). 
 
Ethics/IRB Statement:  
 
The institutional review board determined this study was exempt from full review (IRB # 
IRB25-40.1E) because the research was conducted in established educational settings, and all 
analyses used de-identified records. 
 
3. Results and Discussion 
 
Recall that the dataset for Traditional and Virtual-Asynchronous are those used in [24], and [25]. 
However, for this work, we provide results and interpretations of the findings related to PSVT:R 
gains across Traditional, Virtual-Asynchronous and Flipped delivery modes (RQ1), and the 
association between spatial skill improvement and course performance (RQ2). 
 
3.1 RQ1: Do PSVT:R Gains Differ by Instructional Delivery Mode? 
 
To examine whether students improved and how gains were distributed within each instructional 
delivery mode, we first describe the PSVT:R Gain scores (PSVT:Rpost minus PSVT:Rpre). Figure 
2 shows histograms of the frequency of individual gain scores for the three instructional 

 



modalities. These visual summaries allow us to distinguish typical improvement from variability 
and potential outliers.   
 
The histograms (Figure 2) show that gains cluster in the positive range for all three modalities. 
This indicates that the majority of students demonstrate gains above zero, with relatively few 
students showing no change or negative gains. The gains within the Traditional and 
Virtual-Asynchronous instructional modalities appear to have a somewhat more concentrated 
distribution, whereas the gains for Flipped delivery are more evenly dispersed, with gains spread 
across a wider range.  
 

 
Figure 2. Distribution of PSVT:R Gain by instructional delivery mode for students with 

low initial scores (PSVT:Rpre ≤ 18). Histograms show the frequency of individual gain 
scores, where Gain is defined as PSVT:Rpost minus the PSVT:Rpre score. 

 
A factor that might contribute to variability in gain scores, or to minimal improvements or 
declines, is the grading structure of the PSVT:R assessments in the Virtual-Asynchronous and 
Flipped formats. In these formats, students received full credit for attempting the assessment, 
regardless of their score. Thus, gains observed in the Virtual-Asynchronous and Flipped 
instructional modalities may not be a true indicator of students' spatial ability, but may instead be 
a byproduct of decreased effort when assessment outcomes were disconnected from grade 
implications [24]. While eliminating score-based grading may lower anxiety for some students, it 
could also diminish motivation for others.  
 
Figure 3 presents boxplots summarizing the distribution of gain scores (median, interquartile 
range, and whiskers), with the dashed horizontal line indicating zero gain (i.e., no change in 
PSVT:R scores). Gain scores are generally positive across all three instructional modalities. The 
dashed zero line in Figure 3 emphasizes that most students improved, with a small number 
showing little improvement or declines. This finding is consistent with those reported in 
literature for students who complete the 10-module intervention in Traditional formats [1], [3], 
[11], [29]. 
 

 



 
Figure 3. PSVT:R gain by instructional delivery mode for students with low initial scores 

(PSVT:Rpre ≤ 18). Boxplots summarize the distribution of gain scores (median, interquartile 
range, and whiskers), with the dashed horizontal line indicating zero gain (no change from 

pre- to post-test). 
 
Similar to Figure 2, the boxplot (Figure 3) indicates that the Traditional group has a higher 
central tendency (median) than the other groups, while the Flipped group shows the widest 
spread, including both larger positive gains and negative gains.  
 
The descriptive statistics used to quantify the magnitude of pre–post change for the low-baseline 
subgroup (PSVT:Rpre ≤ 18) and to establish whether gains are consistently positive across 
delivery modes are illustrated in Table 1. As reported in [24] and [25] for Traditional and 
Virtual-Asych., in Table 1, we see that among students who entered with lower spatial 
visualization scores (PSVT:Rpre ≤ 18), Flipped instructional delivery is also associated with 
positive average gains from pre- to post-test.  

​
Table 1. Descriptive statistics for PSVT:Rpre, PSVT:Rpost, and Gain among students with 

PSVT:Rpre ≤ 18 
 

Instructional 
Mode n 

Mean PSVT:Rpre, 
Mean (SD) 

Mean PSVT:Rpost, 
Mean (SD) 

Gain, 
Mean (SD) 

Traditional 26 15.85 (2.46) 21.27 (3.88) 5.42 (3.61) 

Virtual-Async. 13 15.08 (3.66) 19.54 (3.48) 4.46 (2.60) 

Flipped 19 15.21 (2.97) 19.63 (4.81) 4.42 (5.63) 

Overall 58 15.47 (2.90) 20.35 (4.15) 4.88 (4.17) 
 
 

 



Overall, Figures 2 and 3 and Table 1 indicate that most students improved from pre- to post-test. 
The distributions also appear broadly similar across modalities, suggesting comparable 
improvement patterns across delivery modes for this low-baseline group.  
 
To test whether gains reflected reliable pre–post improvement, we conducted paired analyses of 
each student’s PSVT:R scores. Because gain scores satisfied normality, we used paired t-tests; 
we also ran Wilcoxon signed-rank tests to confirm robustness to distributional assumptions. Both 
approaches showed statistically significant pre–post improvement overall and within each 
delivery mode (p < .05), indicating that the observed gains are not artifacts of modeling 
assumptions. ​
 
As the paired-samples t-test assumes that the distribution of within-student differences is 
reasonably close to normal, before reporting the pre–post comparisons, it was important to check 
whether the PSVT:R difference scores (Gain) were approximately normally distributed. 
Normality tests did not detect departures from normality overall (p = .849) or within delivery 
modes (Traditional: p = .280; Virtual-Asynchronous: p = .083; Flipped: p = .936). 
 
The paired t-tests showed that PSVT:R scores increased from pre to post in the overall sample 
(mean Gain = 4.88, p < .001). The paired t-tests also showed significant pre–post increases 
within each delivery mode: Traditional (mean difference = 5.42, p < .001), Virtual-Asynchronous 
(mean difference = 4.46, p < .001), and Flipped (mean difference = 4.42, p = .003). Overall, 
across all three delivery modes, students showed measurable gains in spatial visualization over 
the semester. 
 
The robustness check with Wilcoxon signed-rank tests (which do not rely on normality 
assumptions) corroborated these results, showing significant pre–post increases overall (p < 
.001) and within each mode (Traditional: p < .001; Virtual-Async.: p = .002; Flipped: p = .005). 
These results suggest that students’ PSVT:R scores increased, and the improvement was evident 
across all delivery modes, even when using a nonparametric test.​
​
To address our primary research question, namely whether delivery mode is associated with 
different levels of improvement in spatial visualization for students entering with low PSVT:R 
scores, we compared PSVT:R Gain across the Traditional, Virtual-Asynchronous, and Flipped 
modalities using methods appropriate for small, unbalanced groups. Since unequal variances and 
unequal sample sizes are plausible in this setting, we used Welch’s ANOVA as the primary 
omnibus test. Welch’s one-way ANOVA indicated no statistically significant differences in 
PSVT:R Gain among the Traditional (n = 26), Virtual-Asynchronous (n = 13), and Flipped (n = 
19) groups, F(2.000, 32.624) = 0.514, p = .603.   
 
To assess whether any specific pair of delivery modes differed in mean gain, we conducted 
Games–Howell post hoc tests, which are appropriate under unequal variances. The estimated 
mean differences in Gain, p-values, and confidence intervals (CI) are reported in Table 2. All 
adjusted p-values exceeded .60, and all 95% confidence intervals included zero, indicating no 
statistically significant pairwise differences among the three delivery modes. 
   

 

 



Table 2. Games–Howell post hoc comparisons of Gain across delivery modes 

Pairwise comparison 
Estimated mean 

difference in Gain 95% CI 
Adjusted 
p-value 

Traditional vs Virtual-Async. 0.962 [-3.45, 1.52] .613 

Flipped vs Traditional 1.00 [-2.64, 4.64] .777 

Flipped vs Virtual-Async. 0.0405 [-3.63, 3.71] 1.000 

Note: Estimated mean differences in Gain are reported as the first-named group minus 
the second-named group. 

 
As a nonparametric sensitivity check, we used the Kruskal–Wallis test to compare gain-score 
distributions across delivery modes without relying on normality assumptions. The 
Kruskal–Wallis test likewise indicated no differences in gain distributions across modes,  χ2(df = 
2) = 1.481, p = .477, reinforcing the conclusion that PSVT:R gains were similar across the three 
delivery modalities. 
 
The agreement between the primary unequal-variance mean-comparison (Welch’s ANOVA with 
Games–Howell) and the nonparametric sensitivity analysis (Kruskal–Wallis) supports the 
robustness of this conclusion to common concerns in small, unbalanced samples (e.g., 
heteroscedasticity and departures from normality). Moreover, the Games–Howell confidence 
intervals were wide relative to the observed mean differences, indicating that any true modality 
effects, if present, are likely modest compared with the within-modality variability in gains for 
this low-initial subgroup. 

Taken together, these findings indicate that students with lower initial spatial visualization scores 
improved meaningfully over the semester in each delivery format, and that the typical magnitude 
of improvement was similar across modes (approximately 4.4–5.4 PSVT:R points). Practically, 
this suggests that the course supports spatial-skills development for lower-baseline students 
regardless of whether instruction is delivered in Traditional, Virtual-Asynchronous, or Flipped 
formats.  Across all three instructional delivery modes, students with low initial PSVT:R scores 
demonstrated statistically significant positive average gains, and the inferential analyses did not 
provide evidence that gains differed by modality.  
 
3.2 RQ2 Results: Association Between PSVT:R Gain and Course Grade Points (GradePts)​
​
To test whether improvement on the PSVT:R was associated with course performance, we fit an 
OLS regression model predicting course grade points, GradePts, (0.0–4.0) from PSVT:R Gain, 
baseline PSVT:Rpre, Mode, and Gain×Mode interaction terms, using Mode:Traditional as the 
reference category. We provide the full set of coefficient estimates, uncertainty measures, and 
p-values in Table 3.  
 

 



As shown in Table 3, the overall model was statistically significant (F(6, 51) = 4.747, p < .001) 
and explained a meaningful share of variation in course grade points, GradePts, (R² = 0.358; 
adjusted R² = 0.283; residual standard error 0.487). In other words, improvement on the PSVT:R 
was positively associated with course performance. 
​
We note that Traditional does not appear as a separate row in Table 3, because Mode was coded 
with Traditional as the reference category (treatment coding). Under this coding, the intercept 
and the coefficients for Gain and PSVT:Rpre correspond to the Traditional group, and the Mode 
coefficients shown (Virtual-Async. and Flipped) represent differences in expected grade points 
relative to Traditional (with Gain × Mode terms indicating differences in the gain–performance 
slope relative to Traditional). 
 

Table 3. OLS regression predicting course grade points (GradePts) from PSVT:R Gain, 
baseline PSVT:R, and instructional delivery mode.  

 
Predictor Coefficients SE t-score p-value 95% CI 
Intercept   2.110***  0.446   4.732 < .001 [ 1.215, 3.006] 
Gain    0.057*  0.027   2.112    .040 [ 0.003, 0.112] 
Mode:Virtual-Async. - 0.079  0.328 - 0.241    .811 [-0.737, 0.579] 
Mode:Flipped   0.766**  0.226   3.389    .001 [ 0.312, 1.220] 
PSVT:Rpre   0.056*  0.025   2.273    .027 [ 0.007, 0.105] 
Gain × Virtual-Async.   0.086  0.061   1.397    .169 [-0.037, 0.209] 
Gain × Flipped - 0.023  0.034 - 0.692    .492 [-0.092, 0.045] 
Notes: Traditional is the reference category for Mode. Gain = PSVT:Rpost – PSVT:Rpre. 
Model fit: R² = 0.358, adjusted R² = 0.283, F(6, 51) = 4.747, p < .001, residual SE = 
0.487. p < .10. *p < .05. **p < .01. ***p < .001. 

​
Two predictors, namely Gain and PSVT:Rpre, were positively associated with course grade 
points, GradePts. Furthermore, Gain was a statistically significant positive predictor (β = 0.057, 
p = .040), indicating that, holding baseline PSVT:Rpre and delivery mode constant, a one-point 
larger Gain corresponds to an estimated 0.057 increase in GradePts. Baseline PSVT:Rpre was 
also positively associated with GradePts (β = 0.056, p = .027). 
 
Regarding delivery mode effects (relative to Traditional), Virtual-Async. was not detectably 
different from Traditional (β = − 0.079, p = .811), as reported in [25]. However, relative to 
Traditional, the Flipped had higher estimated GradePts (β = 0.766, p = .001). Moreover, the 
Gain×Mode interaction terms reported in Table 3 were not statistically significant 
(Gain×Virtual-Async.: β = 0.086, p = .169; Gain×Flipped: β = −0.023, p = .492). This indicates 
that the positive association between Gain and GradePts did not differ detectably across delivery 
modes in this sample.​
​
In summary, results show that PSVT:R Gain was a positive predictor of course grade points after 
accounting for baseline PSVT:Rpre and delivery mode, indicating that students who improved 
more in spatial visualization tended to earn higher grades. Furthermore, the findings do not show 

 



evidence of an association that differs by delivery mode, as the Gain×Mode interaction terms 
were not statistically significant.  
 
These findings suggest that improvements in spatial visualization are linked to stronger course 
outcomes, even after accounting for initial preparation. They also suggest that this relationship 
holds across delivery formats, and that the higher grades observed in the Flipped format reflect 
higher overall performance rather than a different gain–grade relationship. 
​
4. Practical Implications for First-Year Engineering Programs 
​
The results suggest that, regardless of delivery mode, students who begin engineering programs 
with lower spatial visualization performance can benefit from effective interventions delivered 
over a 10-module curriculum. Thus, first-year engineering programs can implement an 
established spatial visualization curriculum in Traditional, Virtual-Asynchronous, or Flipped 
formats without sacrificing PSVT:R gains for students who enter with lower initial scores. This 
flexibility allows programs to choose a delivery mode based on local constraints (staffing, 
classroom space, scheduling, or continuity needs) rather than assuming that one modality is 
inherently more effective for improving spatial skills. 
 
The positive association between PSVT:R Gain and GradePts also supports integrating spatial 
visualization instruction early in the first-year curriculum and tracking student improvement with 
pre/post assessments. Programs can use these data to identify students who may benefit from 
additional support and to strengthen implementation features that promote engagement and 
completion across modes, such as clear pacing, frequent low-stakes practice, structured 
checkpoints in the LMS, and timely feedback when students struggle. 
 
5. Limitations 
 
This study reports results from a single institutional setting and should be interpreted within that 
context. The analytic sample for the lower-prepared subgroup is modest (n = 58), and group sizes 
vary by delivery mode, so estimates are less precise and small between-mode differences may be 
difficult to detect. Since delivery modes were implemented in different academic years, cohort 
and contextual factors may have contributed to observed patterns in addition to mode. The fact 
that two cohorts were experiencing the spatial skills intervention during the global pandemic 
(Virtual-Asynchronous), or were pandemic-adjacent (Flipped), could also be affecting the results. 
Lastly, due to the grading structure of the PSVT:R assessments in the Virtual-Asynchronous and 
Flipped formats, gains observed in these instructional modalities may not be a true indicator of 
students' spatial ability, but may instead be a byproduct of decreased effort when assessment 
outcomes were disconnected from grade implications.  These factors limit direct generalization 
to other institutions. 
 
Even so, the findings are likely transferable to similar first-year engineering contexts because the 
intervention structure was standardized across modes, including a common 10-module 
curriculum and the same pre/post-test. Future work using larger, multi-institution samples with 
more balanced group sizes and standardized assessment administration would strengthen the 
evidence base and clarify the extent of generalizability.  

 



 
6. Conclusion 

 
This study examined whether instructional delivery mode relates to spatial visualization gains 
and whether those gains align with course performance in a first-year engineering spatial 
visualization course delivered in three formats: Traditional face-to-face, Virtual-Asynchronous, 
and Flipped classroom. We assessed spatial reasoning using PSVT:R pre- and post-test scores 
and defined Gain as PSVT:Rpost − PSVT:Rpre, with primary analyses focusing on students with 
lower initial scores (PSVT:Rpre ≤ 18). 
 
Students exhibited statistically significant positive mean PSVT:R gains across all three delivery 
modes, yet the inferential analyses did not detect statistically significant differences in gains 
across modes. These results indicate that, within this instructional context and for lower-prepared 
students, the 10-module multimodal curriculum produced comparable improvements in spatial 
visualization across Traditional face-to-face, Virtual-Asynchronous, and Flipped classroom 
implementations. 
 
Regression analyses showed that PSVT:R gain positively predicted course grade points after 
controlling for baseline PSVT:R and delivery mode. The Gain×Mode interaction was not 
statistically significant, indicating no detectable variation across delivery modes in the 
relationship between spatial visualization improvement and course performance. Taken together, 
the findings suggest that spatial visualization gains are meaningfully connected to academic 
outcomes in the course and that this relationship appears stable across delivery formats in this 
sample. 
 
Because the study compares non-randomized cohorts at a single institution taught by a single 
instructor, the findings should be interpreted as context-specific. Future work should replicate 
these analyses with larger, multi-institution samples and incorporate additional covariates (e.g., 
prior academic preparation and demographic factors) to better isolate delivery mode effects from 
cohort-level differences. Even with these constraints, the results provide practical evidence that 
programs can implement established spatial visualization curricula in multiple delivery formats 
while maintaining student gains and that improving spatial visualization skills aligns with 
stronger course performance.  
 
Our future research will explore how assessment context influences effort, score reliability, and 
student engagement, especially when tests are used for placement or instructional 
decision-making. We also intend to examine whether differences in effort or completion rates 
align with testing conditions or PSVT:R pre-test scores.  
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	In the Traditional format, students completed workbook sketching pages and multiple-choice items as homework. In class, the instructor administered short concepts or sketching quizzes after introducing each module. Quiz items were typically drawn from challenging module problems that the instructor partially discussed during class. When quizzes included sketching, students were allowed multiple attempts before submitting their work; if the instructor observed difficulty after an initial attempt, the instructor provided guided support without revealing the answer.  
	 
	In addition to weekly quizzes and homework, students completed two in-class examinations. Exam 1 covered Modules 1 to 5. Exam 2 covered Modules 6 to 10 and included the PSVT:R post-test as Part 1 (timed), followed by Part 2, which consisted of problems aligned with Modules 6 to 10.  In the Traditional face-to-face delivery mode, the actual PSVT:R pre-test score was not included in student course grade points; however, the PSVT:R post-test score was used to calculate their Exam 2 grade. No teaching assistants supported instructional delivery in the Traditional format. 
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	Implementation details, specific to the pandemic-era asynchronous delivery (the Virtual-Asynchronous format), are presented in [24] and [25]. Nonetheless, for the reader's convenience, we summarize it here. In the Virtual-Asynchronous format, students completed course content independently through the LMS. Students purchased the newly developed sketching workbook and snap cubes/handheld manipulatives.  For each module, students were provided pre-recorded mini-lectures, module “getting started” videos, and the instructional software developed by Sorby through the LMS.  
	 
	Additionally, the instructor recorded and uploaded homework-help videos for selected modules to the LMS. The content covered in the mini-lectures was consistent with the Traditional format; however, the sample exercises used in the asynchronous materials differed from those used during the face-to-face instruction. In this delivery mode, the course emphasized a design project rather than in-class examinations, and optional homework and quizzes were available to replace missed or lower-graded assignments.  
	2.3.3 Flipped Classroom:  
	 
	In the Flipped classroom format, students engaged with the same core instructional materials as in the Virtual-Asynchronous format and purchased the same sketching workbook and snap cubes/handheld manipulatives. However, before attending a weekly face-to-face class, students were required to view the pre-recorded mini-lectures, module “getting started” videos, homework-help videos, and try out the instructional software provided through the LMS. At the start of class, during the weekly face-to-face sessions, students completed in-class quizzes on the material covered in the mini-lecture. The instructor then reviewed the quizzes and addressed any misconceptions.  Following this review, students worked on individual and group sketching example problems, then started homework individually or in small groups. Similar to the Virtual-Asynchronous format, the course emphasized a design project rather than in-class examinations, and optional homework and quizzes were available to replace missed or lower-graded assignments.
	Founded on the knowledge that peer mentoring and cooperative learning improve student outcomes (e.g., [28]), undergraduate teaching assistant support was incorporated for instructional delivery in the Flipped classroom format. During the weekly face-to-face sessions, in addition to the instructor, one to two undergraduate teaching assistants supported small-group sketching, provided individualized feedback to students on in-class quizzes and homework assignments, and assisted with grading. 
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