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Impact of Virtual Reality Intervention on Word-Based
Problem-Solving SKkills in Chemical Engineering

Abstract

Spatial ability is central to engineering problem solving. When problems are presented only
through written or verbal descriptions, learners must construct an internal representation of the
system without the aid of a diagram, which can be especially challenging for students with lower
spatial ability. From the cognitive load theory perspective, these students may experience greater
cognitive load while solving a problem because of working memory constraints. Virtual reality
(VR) may mitigate this burden by externalizing key spatial features and supporting mental
visualization. Here, we examine whether VR interventions improve word-based problem-solving
performance in an undergraduate chemical engineering heat and mass transfer course, with
spatial ability treated as a moderating factor. We developed supplemental VR modules for head-
mounted displays (VR-HMDs) that enable students to visualize three-dimensional transient
temperature and concentration profiles. The modules were assigned after the corresponding
topics were introduced in lecture. To compare VR integration with a non-VR alternative,
students chose between completing the VR modules or parallel programming assignments
covering the same systems. Using a pre-test-post-test design, we assessed students’ ability to
solve word-based heat and mass transfer problems using two tests, one focusing on the problem
representation stage (multiple-choice format) and one on the solving stage (constructed-response
format). We compared learning gains between VR and non-VR groups while accounting for
spatial ability. Spatial ability was measured before the pre-tests and after the post-tests using the
Revised Purdue Spatial Visualization Test: Rotations (Revised PSVT:R), with items customized
to reflect heat and mass transfer contexts. Our preliminary results suggest that VR improved
word-based engineering problem-solving for students with low and high spatial ability in distinct
ways. We observed that students with low spatial ability who used VR performed better in
problem-representation-focused questions compared to those who did not use VR. This trend
suggests the potential reduction of cognitive load during the problem representation stage, which
was not observed for students with high spatial ability. Meanwhile, for the solving-stage-focused
test, students with high spatial ability were associated with increased performance when they
used VR. Surprisingly, students with low spatial ability in this study who completed the VR
assignment appeared to perform worse in this test than those who completed the programming
assignment, indicating a possible increase in cognitive loads that warrants further investigation.
These findings can guide instructors integrate VR strategically into engineering curricula and
guide students in selecting learning tools aligned with their needs.

1 Introduction

Engineering problem-solving processes typically involve mental visualization of the studied
system. Often, engineers are presented with verbal or written problem descriptions and are
expected to diagnose and solve issues in real time. To solve a problem, problem definition is a
key step, in addition to the technical expertise and mathematical skills [1]. This step requires
rapid visualization of the presented systems to provide prompt solutions, which is related to
spatial ability. Studies have shown that spatial visualization is an important skill to predict the



performance of students in science, technology, engineering and mathematics (STEM), where
students with low spatial ability typically dropped out of the program [2]. One example of low
spatial ability is the aphantasia condition, which is a neurological condition where the person
does not have the ability to construct mental images [3]. Students without an accurate mental
representation of abstractly proposed problems may struggle in solving practical engineering
problems they receive via word-based descriptions, inhibiting success in their engineering career
trajectory. In order to decrease the barrier for students with low spatial ability to succeed in
engineering, educational interventions should help providing the tools to allow for mental
visualizations for better conceptual understanding and enhance the subsequent problem-solving
skills. Virtual reality (VR) has been shown to improve spatial ability [4], [5], [6] and benefit
students with low spatial ability [7], [8], [9]. The sense of presence and agency afforded through
immersive VR as compared to screen-based VR further enhances the factors (e.g. embodied
cognition) to achieve the learning outcomes [10]. Because VR implementation could be time-
consuming and costly for both students and instructors, an informed strategy (e.g. prioritization
based on spatial ability) is important to ensure that the implementation is beneficial in achieving
the learning outcomes for students of diverse backgrounds.

2 Literature Review and Theories
2.1  Cognitive Load Theory and Spatial Ability

Cognitive load theory suggests that humans have limited working memory capacity that affects
problem-solving skills [11]. Working memory is a short-term memory that receives inputs from
the sensory register and also retrieves information from the long-term memory storage [12],
serving as storage and processing capacity [13], [14]. Both time and memory resources serve as
limitations in working memory [14], [15]. For a limited processing time such as solving
problems promptly, the needed working memory capacity is higher. Baddeley’s working
memory model proposes that the working memory consists of the central executive as the main
control, phonological loop for processing auditory and verbal contents, the visuospatial
sketchpad for processing visual contents, and the episodic buffer to connect between the
phonological loop and the visuospatial sketchpad [13], [14]. The visuospatial sketchpad
(including visual, spatial and possibly kinesthetic components) includes both the storing and
manipulating of visual images [13]. In the case of the problem-solving process, the steps of
recognizing and forming the visuals of the problem statement may compete with other
components, such as mental arithmetic and conceptualization, for the limited capacity of working
memory [14]. This means that if there is an increase in the cognitive load to form the images, the
capacity to process and solve related problems will be lower, affecting the solving speed. Spatial
abilities, especially the spatial visualization ability, relate to the visuospatial working memory in
that they require the use of memory for visual storage and spatial visualization tasks, which
involve manipulation of a visual in multiple steps [16]. Individuals with higher spatial ability
experience less cognitive load as they require less engagement of visuospatial working memory.

2.2 Spatial Ability and Word-Based Problem-Solving

In math-related problems, which typically includes engineering problems, visuospatial working
memory is shown to be an important component in addition to intelligence, especially for word-



based problems where the problems are represented only using words and no visuals are
provided [17]. Individuals with low spatial ability struggle with word-based problems,
particularly the problem representational stage that includes the visualization of the system’s
physical shapes and dimensions and manipulating the system accurately [1]. High spatial ability
has been shown to be important in the problem-solving success of mathematical word problems
through the correct choice of schema [18]. These students have the mental representations that
they can retrieve readily and focus on solving the problems, while students with low spatial
ability experience greater cognitive load to mentally represent the problems, reducing the
working memory available for the solving stage [19]. Based on these findings, spatial ability is
clearly important in solving word-based problems.

2.3 Spatial Ability and Virtual Reality

Educational interventions should accommodate students with low spatial ability. One strategy is
to use Immersive Virtual Reality (IVR; using a head-mounted display, HMD), which has been
shown to improve the educational experiences both in cognitive and affective factors [10]. A
study by Sun et al. shows that for students with lower spatial ability, the use of IVR as a learning
tool reduces the cognitive load of students compared to using presentation slides, which
improves learning performance. Meanwhile, for students with high spatial ability, there are no
cognitive load differences [7]. This learning performance difference between spatial ability
levels is also consistent with the use of desktop VR as compared to presentation slides [8], and
with internet-based immersive virtual environment compared to traditional 2-D learning [9].
Moreover, several studies suggest that IVR can be used to train students in improving their
spatial skills [4], [5], [6], which may explain the benefits for students with low spatial ability.
These findings show that [IVR-based learning is beneficial for students with low spatial ability,
which suggest that IVR intervention will improve their word-based problem-solving skills.

2.4 Applying Virtual Reality in Education

Among the first virtual reality modules in chemical engineering are microscopic views of a
catalytic reaction and non-isothermal packed bed reactor processes, designed to accommodate
students of different learning styles [20]. Here, IVR helps in chemical plant exploration with
reduced time, cost and space, and to manipulate and/or dissect the equipment for better
understanding beyond the outer surface [20], [21], [22]. Another important skill for chemical
engineering students is the problem-solving skill (identify, formulate and solve), which is one of
the learning outcomes in Criterion 3 for Accreditation Board for Engineering and Technology
(ABET) accreditation for Baccalaureate Level Programs [23]. To instill problem-solving skills
outside of lecture, transfer of knowledge from classroom is important. The study by Araiza-Alba
et al. shows that IVR intervention improves the completion rate of the learning activities, as well
as improving the transfer of knowledge through embodied interaction [24]. This shows that IVR
has the potential in both learning and knowledge transfer phases. However, IVR may distract the
students from the actual learning due to increase in emotions and cognitive load [25], decreasing
its effectiveness [26]. To mitigate this problem, an introduction to the core concepts prior to
using IVR, or pre-training, has been shown to improve knowledge transfer and self-efficacy of
the students after using VR [27]. This is because pre-training reduces the cognitive load during
the VR intervention by reducing the amount of new knowledge to be processed [27], [28]. One



way to incorporate the pre-training is by first conducting the traditional classroom lecture to
introduce the core concepts [27]. In addition, it can also help in accommodating students with
different learning preferences and accessibility issues (e.g. motion sickness) [21].

2.5 Research Purpose

Since there is a common theme of spatial ability between VR and math-based problem-solving,
this study aims to understand the benefits of [VR integration as a supplemental learning tool on
engineering word-based problem-solving performance for students with low and high spatial
ability. Although previous literature has shown that IVR improves the learning performance of
students with low spatial ability, the context of the learning focuses on knowledge that mainly
requires memorization [7], [8], [9] and hands-on equipment training [21], [22], [29]. In this
study, we focus on the problem-solving aspect which has been shown to be affected by spatial
ability [1], [18], [19]. We conducted a pre-test-post-test study in a chemical engineering heat and
mass transfer course that requires students to solve temperature and concentration profiles in a
given system as explained by word problems. By supplementing the learning experience using
IVR, we expect that it will reduce the cognitive load while solving the problems, especially for
students with low spatial ability, thus increasing problem-solving performance.

3 Research Hypotheses

The purpose of this study is to examine the effectiveness of VR as a supplemental instructional
tool in improving engineering students’ word-based problem-solving skills, with spatial ability as
a moderating factor. The hypotheses of this study are:

1. Students who use VR-HMD as a supplemental instructional tool demonstrate improved
performance in solving word-based chemical engineering transport problems, compared
to those using traditional methods.

2. Spatial ability moderates the effect of VR-HMD on word-based problem-solving
performance.

4 Theoretical Framework

We used the cognitive load theory to guide our methods, data analysis and interpretation. VR
intervention has the potential to reduce students’ cognitive load during the learning process by
providing the 3D immersive visualization. This supports the construction of schema that students
can later recall and apply to solve the word problems. In addition, we also hypothesized that
spatial ability acts as a moderating factor. Students with lower spatial ability may experience
increased cognitive load that increase the higher demand of visuospatial working memory during
the problem-solving tasks. This could reduce their working memory capacity for other
conceptual and arithmetic aspects of the tasks. We used spatial rotation tests to assess students’
spatial ability at multiple points across the semester, before and after the learning interventions.

5 Methods



We performed a quasi-experimental quantitative pre-test-post-test study in a heat and mass
transfer course to study the cognitive improvement and spatial skills change among chemical
engineering undergraduate students after the VR educational interventions as shown in Figure 1.
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Figure 1: Flow diagram of data collection and learning interventions.
5.1 Participant recruitment

This study was conducted at a large public university in the United States. Heat and mass
transfer is a core course in the undergraduate chemical engineering program, typically taken by
third-year students. All students in the heat and mass transfer course were invited to participate
in this study via a consent form. The participation in this study was separate from the course
activities and did not affect their grades. Data from students who did not consent to participate in
this study were removed from the research data and not reported in this paper. A total of 86
students consented to participate in this research. This study was reviewed and determined as
exempt by the Institutional Review Board (HUMO00279628).

5.2 Course structure and intervention groups

One of the learning objectives of this course is to solve problems involving steady and unsteady
state heat transfer and mass transfer. Participation points consist of 5% of the final grade, which
include spatial test and pre-test completions, and post-test grades. The homework grade consists
of 20% of the final grade, where 10% of this includes two Safety/Industry Module (SIM)
assignments on unsteady state heat transfer and unsteady state mass transfer. For each SIM
assignment, students were able to choose either a VR assignment or a programming exercise on
the finite-difference method of solving for temperature and concentration profiles. These
assignments were designed to be similar in content, with the main difference being the direct
visualization and measurement in VR versus the derivation and implementation of the finite-
difference method using Microsoft Excel. After related lectures, students were able to see both
assignments at the same time and choose their preferred assignment. The intervention groups
were designated based on their choice: students who choose the VR experience were referred to
as “VR group”, while students who choose the programming component were referred to as



“non-VR group.” To provide the opportunity for all students to complete the VR assignment
given the limited number of HMD devices, students had 1 week to complete the SIM (VR and
programming) assignments on their own time. Staff members were available during office hours
to help with technical issues. For VR assignments, students were encouraged to complete the
exercises in pairs, but each student needed to submit their own answers for grading to ensure that
they completed the assignments.

5.3  VR-HMD learning activities

Two VR modules (VR A and VR B for unsteady state heat and mass transfer respectively, see
Figure 2) were developed using an in-house VR development software and visualized in an
immersive scene using the Meta Quest Pro HMD. Since these are time-dependent spatial
profiles, the scene is animated where the colors represent the temperature and concentration
profiles for heat and mass transfer respectively. Each scene consists of 200 total time frames, and
the animations were visualized at 20 frames per second by default. Students were able to speed
up/slow down and pause/play the animations using keyboard keys. Another important tool used
in these modules is the measuring tool controlled using Meta Quest Pro controllers, where
students measured the distance between two points in the 3D virtual space.

VR A was designed to understand unsteady heat transfer problem (conduction and convection)
by analyzing the transient 3-dimensional sphere temperature profiles at 3 different Biot numbers
(corresponding to 3 columns in Figure 2a). There were 3 different visualizations for each Biot
number (corresponding to 3 rows in Figure 2a): a hemisphere, an octant (1/8 of a sphere) and a
radial slice that is assumed to be infinitely thin crossing the centroid of the spheres. The octants
and radial slices were included to helps students see the internal temperature profiles easily as
compared to the hemispheres. The colors correspond to the scaled temperature relative to the
initial temperature and the surrounding temperature, where red (value 1 in the color bar)
corresponds to the initial uniform temperature of the sphere, and dark blue (value 0 in the color
bar) corresponds to the surrounding temperature (assumed as constant). The color changes across
time as incorporated in the animation feature. While completing this activity, students were
asked to calculate and drag-and-drop the Biot numbers to the corresponding columns, measure
and compare the temperature gradients for different Biot numbers and identify the scenarios
when the temperature profiles change.

VR B was designed to facilitate understanding of unsteady state mass transfer concepts through
visualizing the concentration change of solvent in spherical polymer pellets as they move
through a tank of air. Similar to VR A, these pellets start as red (value of 1) corresponding to the
initial uniform concentration of solvent in the pellets and become dark blue (value of 0) as the
solvents diffuse out of the pellets, the same as the concentration of solvent in the surrounding
(assumed as constant). There were two visuals present in the VR scene. First, 1000 pellets as
seen as small spheres were dynamically moving from the top to the bottom of the cylinder tank,
as shown on the right in Figure 2b. Students were able to track the random walk motion of the
pellets using a marker annotation tool using the controller. Three of these 1000 particles were
highlighted with the color corresponding to their volume-average concentration value to allow
students to focus on them; other particles remained in the dark blue color. On the left of Figure
2b, an octant represents the actual concentration profile in each pellet at the same time. Students



were asked to determine the radial location where the concentration is the same as the volume-
average concentration seen on the pellets. Moreover, students were also introduced with the
concept of residence time and collected data to fit a curve of concentration versus time and
location in the tank.
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Figure 2: VR visualization scenes for (a) VR A at an intermediate time step (t = 33 or “33 steps”
as shown above each temperature profiles) and (b) VR B at an intermediate time step (t = 101) as
seen through the VR-HMD.

5.4  Pre-tests and post-tests

To measure the problem-solving performance before and after the learning experiences (lecture
and SIM), we administered pre-tests in the beginning of the respective lectures and post-tests
after the respective VR experiences were due (5 days for VR A and 7 days for VR B). Pre-tests
were graded by completion, while post-tests were graded by correctness, as part of participation
grades. In addition, students who answered correctly in pre-tests were able to recover up to 1
missing lecture point. The test solutions were released after the post-tests were administered.

These tests were conducted during the scheduled class time using two different formats to
address two different problem-solving stages: a 5-minute, 5-multiple-choice question set (pre-
and post-tests A, problem-representation-stage-focused, using Google Form) and a 10-minute
constructed-response question set (pre- and post-tests B, solving-stage-focused, paper-based).
For pre- and post-tests A regarding heat transfer, students were given scenarios of objects of
different shapes and scene changes (i.e. object rotation) and were asked to predict the
corresponding temperature profiles or any changes in heat transfer that occurred (e.g. heat
transfer rate and system/model considerations). There were three unique systems in the test and
two questions involving manipulation of the object orientation. For each question, students
needed to select one answer among three given choices. For pre- and post-tests B, students were
given a scenario of mass transfer diffusion in a hemispherical object and were asked to define the



problem through sketching the system (20%), recognition of initial and boundary conditions
(50%), manipulation of the object (10%), and prediction of the concentration profile (20%).

5.5 Spatial ability test

Purdue Spatial Visualization Test: Rotation (PSVT:R) is a spatial ability test used widely in
STEM contexts due to its reliability, relevance to STEM, appropriate difficulty and ease of use
[30], [31], [32]. The original PSVT:R consists of 30 test items to be conducted within 20
minutes. Based on PSVT:R, we measured students’ spatial ability before and after the
interventions (3 test instances: 3 days before pre-test A in lecture, 11 days after post-test A in
lecture, and 9-14 days after post-test B, which students were allowed to complete on their own
time). The questions were contextualized for heat transfer 2D and 3D simple shape factors and
radiation view factors (Figure 3). For each test, we administered 5 questions with a set time limit
of 90 seconds. The completion of these tests (graded by completion) contributed to the in-class
participation grade.
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Figure 3: Examples of spatial ability tests contextualized to mass and heat transfer course based
on (a) simple shapes covered in 3-dimensional heat transfer and (b) radiation view factors.



5.6 Data analysis and representation

Statistical analyses and data visualizations were performed using GraphPad PRISM 10 software.
The statistical significance was set to 0.05, where p < 0.05 is considered as statistically
significant (represented by asterisk, *) and p > 0.05 is considered not statistically significant
(represented as “ns”’). We used the Mixed-Effects Model (Restricted Maximum Likelihood,
REML) for statistical analysis to account for repeated measures of the same students over the
semester. Effective matching was tested using chi-square statistics to compare between the
model accounting for repeated measures and the model not accounting for repeated measures.
All test scores are represented as percentages, and un-attempted questions were scored as zero.
The error bars in the scatter/line plots represent standard error of the mean (SEM), while the box-
and-whiskers plot represent the range (whiskers), 25" to 75" percentile (box), median (horizontal
line in the box), mean (plus sign, ‘+’) and all data points (scattered points). The predicted least
squares means of differences between groups are represented by mean = SEM. The score
differences between pre- and post-tests (increase from pre- to post-tests) only include students
who completed both tests.

6 Results

82 students consented for this study, of whom 36 students were in the VR group and 39 students
were in the non-VR group. These 75 students (N = 75) were included in the main analysis, while
7 students were excluded due to group classification ambiguity (4 students completed the VR A
assignment and the programming B assignment, 1 student completed the programming A
assignment and the VR B assignment, and 2 students did not complete one of the assignments).
Table 1 shows the descriptive statistics for the test scores for VR and non-VR groups and all
students. We note that only 38 students completed all 7 tests, while other 37 students have some
missing data. This is because of the limitations of the quasi-experimental study conducted in a
classroom, where the tests depend on students’ attendance during the non-compulsory testing
day. The presence of these missing data was accounted in the Mixed-Effects Model.

Table 1: Descriptive statistics for test scores of different intervention groups (VR and non-VR)
and overall students (combined VR and non-VR). (SD represents standard deviation and N
represents the number of data present in the sample).

Tests Non-VR VR Overall
Mean SD N Mean SD N Mean SD N
Spatial Test 1 53 23 31 58 27 28 55 25 59
Spatial Test 2 46 29 31 49 22 32 47 26 63
Spatial Test 3 59 26 36 62 23 35 61 24 71

Pre-test A 52 20 36 55 19 34 54 19 70
Post-test A 52 20 36 62 19 31 56 20 67
Pre-test B 46 14 32 44 10 32 45 12 64
Post-test B 57 16 31 50 13 28 53 15 59

6.1 Spatial ability comparison between VR users and non-VR users



We first show that there is no significant difference of spatial test scores between VR and non-
VR groups (Figure 4a). We used the Mixed-Effects Model to test this hypothesis (matching is
effective with p < 0.01, sphericity is not assumed, Geisser-Greenhouse correction is used). The
fixed effects are time (within-subject factor) and intervention (between-subjects factor), where
time yields a statistically significant effect (p < 0.01) while intervention and cross-term are not
statistically significant (p = 0.39 and 0.88 respectively). Since there is no significant difference
of spatial ability scores between VR and non-VR groups, this analysis shows that there is no
preference of students on choosing the interventions.

Figure 4b shows the change of spatial test scores within each group. For the VR group, post-hoc
analysis using Tukey’s test shows that Spatial 2 is significantly lower than Spatial 3 (p = 0.04)
while Spatial 1 is not significantly different from Spatial 2 and 3 (p = 0.23 and 0.72
respectively). For the non-VR group, there are no significant differences between the spatial
tests. Mixed-Effects Model and Tukey’s post-hoc tests on all students with only time factor as a
fixed effect (Figure 4b, overall) confirms that time is a significant factor (p < 0.01), with Spatial
2 is significantly lower than Spatial 3 (p < 0.01) and Spatial 1 is not significantly different from
Spatial 2 and 3 (p = 0.13 and 0.22 respectively). One possible reason for the lower Spatial 2
score is that Spatial 2 was administered approximately 1.5 weeks away from the related radiation
lecture, where students were probably less motivated with the relevance of the tests. This is
different from Spatial 1, where the test was conducted on the same day of the related topic of 2D
and 3D heat transfer, while Spatial 3 was completed by students on their own time.
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Figure 4: Comparison of spatial ability between VR and non-VR groups. (a) Spatial test scores
comparison between groups. (a) Spatial test scores across time for each group.

We categorized the students into two categories of spatial ability, LOW and HIGH, based on the
mean spatial test scores. A mean score of greater than 50% is represented by HIGH, while 50%
and lower is represented by LOW. The number of students in each spatial category is shown in
Table 2. We also separately considered the effect of very low scores for Spatial 2. We found that
only 3 students had their spatial category change if we exclude Spatial 2: 1 student in the VR
group changes from LOW (all included) to HIGH (Spatial 2 excluded) and 2 students (1 student
from each of VR and non-VR group) change from HIGH (all included) to LOW (Spatial 2



excluded). Since this change is minor, we proceeded with using the overall mean to categorize
the students into HIGH and LOW spatial categories. These categories were used to understand
the differences of effects on the problem-solving performance (pre- and post-tests).

Table 2: Number of students in each spatial category and intervention groups overall and those
who completed the pre-tests and post-tests.

Intervention Non-VR

Spatial Category LOW HIGH

Pre-test A 19 17 11 23
Post-test A 17 19 10 21
Both pre- and post-tests A 17 17 9 20
Pre-test B 16 16 10 22
Post-test B 15 16 8 20
Both pre- and post-tests B 14 15 8 19
Overall students 20 19 12 24

6.2  Pre-tests and post-tests comparison between VR users and non-VR users

Figure 5 shows the pre-test and post-test scores for VR and non-VR groups. Since the test
formats were different for A and B (multiple-choice and constructed-response formats
respectively), we performed the analyses separately. For both tests, we used the Mixed-Effects
Model with time (pre- and post-tests) and intervention groups as fixed effects, and uncorrected
Fisher's Least Significant Difference (LSD) test for the post-hoc multiple comparisons test.
Additionally, we also performed Welch’s unpaired t-tests to compare test scores difference
(increase of post-test scores from pre-test scores) between the VR and non-VR groups (Figure
5b).
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Figure 5: Comparison of pre- and post-test scores between VR and non-VR groups. (a) Pre- and
post-tests scores between groups. (b) Score difference between groups.

For test A, the model yields p =0.29, 0.07 and 0.21 for time, intervention and cross-term
respectively, with significant matching at p = 0.04. Post-hoc analysis between intervention
groups shows that while there is no significant difference between VR and non-VR groups for
the pre-test (p = 0.51, absolute difference = 3.1% =+ 4.7%), the VR group has significantly higher



post-test scores compared to the non-VR group (p = 0.03, absolute difference = 10% + 4.8%)).
Meanwhile, the scores for the VR group increase (p = 0.11, absolute difference = 6.9% + 4.3%)
while the scores for non-VR group slightly decrease (p = 0.89, absolute difference = 0.56% =+
4.0%). The test scores differences (Figure 5b) show that the VR group improves slightly better
than the non-VR group after the intervention (Welch’s t-test p = 0.19, absolute difference = 8.2%
+6.1%).

For test B, the model yields p < 0.01,=0.12 and 0.26 for time, intervention and cross-term
respectively, with matching at p = 0.05. Post-hoc analysis between intervention groups shows
that although non-VR group scores are consistently higher than VR group scores, there is no
significant difference between the groups for both pre- and post-tests (pre-test: p = 0.59, absolute
difference = 1.8% + 3.4%; post-test: p = 0.06, absolute difference 6.7% = 3.5%). However, both
groups have a significant score increase from pre-test to post-test (VR: p = 0.04, absolute
difference = 6.3% + 3.1%; non-VR: p < 0.01, absolute difference = 11% =+ 3.0%). Figure 5b
shows that the test score increase for the non-VR group is slightly higher than for the VR group
(Welch’s t-test p = 0.19, absolute difference = 5.8% + 4.3%).

These results show that the effects of educational interventions differ between test formats. For
the multiple-choice questions format (test A), the VR group has significantly higher post-test
scores of 10% + 4.8% compared to the non-VR group, demonstrating the benefits of VR
intervention, although the increase in the scores between pre- and post-test are not statistically
different. However, test B results indicate that there is no significant difference between
intervention groups. The difference between these tests is the type of questions. For test A, all
five questions required students to implicitly visualize the system for each word-based multiple-
choice question and compare with multiple given possible answers. They needed to differentiate
between provided options to choose the best answer. For test B, we explicitly asked students to
draw the system for that set of questions without any answer reference, while the remaining
questions involved specifying the equations of boundary conditions, changing the system, and
drawing the concentration profile. Thus, the number of visualizations in the test questions may
explain the difference in the effect of interventions on the scores between the different test sets,
where more visualizations may increase the significance in the intervention difference.

We acknowledge that test A and VR A were conducted first, followed by test B and VR B. This
timing effect may also explain the difference, where some students might have higher motivation
for the first VR than the second VR, resulting in more learning for the first one and diminishing
return for the second.

6.3  Analysis of spatial ability as a mediating effect for pre-post-tests

We also sought to analyze the potential of spatial ability as a mediating factor based on the two
spatial categories (HIGH and LOW). Figure 6 shows the pre- and post-test scores for different
intervention groups and spatial categories. We used the Mixed-Effects Model on the pre- and
post-test scores A and B (Figure 6a) with time (pre- and post-tests), intervention group (VR and
non-VR) and spatial category (LOW and HIGH) as fixed effects, followed by post-hoc Sidak's
multiple comparisons test. The full result is shown in Appendix A.
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Figure 6: Comparison of pre- and post-test scores between intervention groups and spatial
categories. (a) Pre- and post-test scores between groups. (b) Score difference between groups.

For test A, all fixed effects and the resulting post-hoc tests are not statistically significant.
Similarly, Analysis of Variance (ANOVA) on the difference of test scores (Figure 6b) are also
not significant (p = 0.76, 0.19 and 0.55 for spatial category, intervention group and interaction
term respectively). However, the numerical difference between groups demonstrates that the
effect of intervention depends on spatial category. For LOW spatial, although the difference
between the VR and non-VR groups for the pre-test is small at 2.5% + 7.5%, the VR group has
18% = 7.8% higher post-test scores than the non-VR group (p = 0.22). On the other hand, for
HIGH spatial, the intervention shows numerically similar scores between both pre- and post-tests
(2.4% + 6.3% and 4.8% =+ 6.2% respectively). These results demonstrate that VR intervention
could help in improving multiple-choice test performance for students with low spatial ability.

For test B, the three-way interaction term is statistically significant (p < 0.01), demonstrating the
significance of spatial category in determining the effects of VR on the test scores change. Post-
hoc analysis shows that there is a significant increase from pre- to post-test scores for non-VR
with LOW spatial (15% + 4.0% increase, p < 0.01) and VR with HIGH spatial (12% + 3.5%
increase, p = 0.02). For the VR group with LOW spatial, the test score decreases by 6.8% + 5.3%
(p = 0.94), while for the non-VR group with HIGH spatial, the test score increases by 7.3% +
3.9% (p = 0.58). Additionally, ANOVA on the test score differences (Figure 6b) with spatial
category and intervention group as factors shows that the interaction term is significant (p =
0.01), with spatial category not significant (p = 0.40) and intervention group significant (p =
0.04). A post-hoc uncorrected Fisher’s LSD test shows that the test score differences are
significantly different for HIGH and LOW spatial for the VR group (p = 0.02, absolute
difference = 15% =+ 6.5%) and for the LOW spatial category between VR and non-VR groups (p
< 0.01, absolute difference = 21% + 6.8%). Meanwhile, the score differences are not
significantly different for the non-VR group between HIGH and LOW (p = 0.16, absolute
difference = 8.1% + 5.7%) and for the HIGH category between non-VR and VR groups (p =
0.61, absolute difference = 2.7% + 5.3%).

In summary, we observed that for students with high spatial ability, VR intervention is
significantly effective in improving their performance on constructed-response questions, while



the improvement is not significant for the non-VR group. Surprisingly, for students with low
spatial ability, the score decreased from pre-test to post-test for the VR group, but increased for
the non-VR group. We hypothesize that since test B involves equations and derivations that
require skills beyond visualization, the programming assignment completed by the non-VR
group could be more helpful for these students as discussed in the next section.

7  Discussion

In this study, we observed that VR interventions improve word-based test performance in
chemical engineering heat and mass transfer for all students in general. However, the benefits
varied based on their spatial ability and the test format. Here, the two test formats represent two
stages of word-based problem-solving processes: problem representation and solving. There are
two ways that test A (multiple-choice) demonstrates the more problem-representational stage
than test B. First, there were more visualizations needed in test A, where the questions in test A
involved the visualization of three systems plus two rotations, while in test B, students needed to
represent only one system and one geometry change. Second, since test A is device-based, it
might require more working memory capacity to represent and solve the problem
simultaneously, compared to test B that explicitly required students to draw the system on paper
where they could refer to the problem while in the solving stage. Test B mainly assessed the
solving stage: students responded to the constructed-response questions by identifying the
equations for boundary conditions and drawing profiles without any given answer choices. Thus,
students would need to have a deeper conceptual understanding to answer these constructed-
response questions, rather than comparing and recognizing the given answer choices as in the
multiple-choice questions.

For students with low spatial ability, we observed that VR intervention improved their
performance in solving the problem-representation-focused problems as shown through the
results of the multiple-choice tests (test A). Meanwhile, the performance of students with high
spatial ability in this study was not significantly different between interventions. These are
consistent with the findings in [8], where cognitive load theory could explain the advantage of
VR intervention in reducing the cognitive load during the learning process to be processed into
the long-term memory. In our study, the learning process involved developing mental images
and schemas useful for word-based problem solving. With lower cognitive load, students with
low spatial ability achieved a better learning outcome. Students with high spatial ability already
have low cognitive load, so there is no significant difference of interventions [8].

On the other hand, the findings for the solving-stage-focused tests (test B) suggest that students
with high spatial ability in our study benefited from VR for the solving stage. However, given
that VR did not yield significantly different outcomes from the non-VR intervention on the
problem-representation-focused tests (test A), further investigation is needed to understand the
underlying mechanism by which VR influences the solving stage.

In addition, programming intervention could be beneficial for conceptual and math reasoning.
For students with low spatial ability, we observed that the non-VR (programming) group
performed better than the VR group in the solving-stage-focused questions. Since word-based
problem solving involves both problem representations and conceptual and math reasoning, this



preliminary observation suggests that the programming assignment could enhance these
students’ conceptual and math skills leading to higher performance in solving the problems,
which can be confirmed in future studies with a larger sample size.

We also noted that these two VR interventions did not significantly change students’ spatial
ability over a semester. Although VR was used to improve spatial ability [4], [5], [6], the VR
modules used in this study were specific to heat and mass transfer topics with simple shapes
rather than the general spatial reasoning that involves more complex shapes and rotation in the
spatial tests. However, these spatial test scores were useful in categorizing students’ spatial
ability level.

8 Implications

This study suggests that VR interventions can be used to improve word-problem solving skills.
In this study, one of the learning objectives of this chemical engineering mass and heat transfer
course is to be able to solve mass and heat transfer problems, which require students to
understand the problem and define the system. The VR modules were designed so that students
could have the mental image of the typical system of problems to be solved. VR interventions of
a similar design may also be applied to other engineering problem-solving-based courses with
similar learning objectives.

However, VR interventions may be limited in terms of budget, equipment availability and time.
If it is not possible for all students to use the VR as supplemental learning tools, spatial ability
and learning objectives should be considered. Spatial ability can be identified by conducting
spatial tests in the beginning of the semester as a baseline to determine the students’ needs. The
previous finding shows that students with low spatial ability benefit most from VR intervention
[8], and our preliminary data indicate that this benefit is particularly relevant for the learning
objectives focusing on problem-representation. On the other hand, VR appears to support the
students with high spatial ability during the solving stage, although these trends should be
validated with larger sample sizes. In addition, programming or numerical-focused assignments
may be helpful for students with low spatial ability to improve their solving-stage skills based on
our preliminary findings. In general, both VR and programming interventions show promise in
improving problem-solving skills, while spatial tests may serve as guidance for both students and
instructors to discuss the best learning strategies for the course and future success.

9 Limitations

This is a quasi-experimental study, where a non-randomized control group (non-VR) was
recruited based on students’ preferences to compare with the VR intervention group. Although
the spatial test scores show no significant differences between the groups, other factors such as
math self-efficacy may also be a determining factor in their preference (students who have low
math self-efficacy may tend to avoid programming assignments), which could relate to their test
performance. We also acknowledge that we used a shortened version of PSVT:R (5 items instead
of 30 items), which may not measure the spatial ability of students as accurately as the full
version. The limited number of test items, in addition to the small sample size (10-25 students
per intervention and spatial group, with the presence of missing data), may contribute to low



statistical significance (high p-value) in the results. Future work includes larger sample size and
randomization, as well as ensuring the accuracy of the spatial test results, to confirm these
preliminary findings.

Tests A and B were designed to assess the students’ performance in different question types in
the two distinct stages. However, the grading also differed. Test A has only one correct and two
incorrect answers for each multiple-choice question, providing a binary grading for each
question. However, since test B is of constructed-response format, partial credits were also
given, in addition to multiple accepted answers. There was also more tendency for students to
leave their responses blank (graded as zero) rather than guessing if they do not have enough time
to solve the problems. Thus, test B scores are more subjective from the students’ responses and
grading perspectives. Although multiple-choice questions are more reliable, constructed-
response questions are perceived as closer to real-world problems, and these different formats
may provide different scores based on the levels that they are testing [33], [34], demonstrating
the importance of both formats despite the challenges for constructed-response tests.

Moreover, although we seek to measure the direct effect of the related VR interventions through
pre-tests and post-tests, knowledge retention and recency effects should be considered in
comparing between tests A and B, and between students, because of timing variations between
tests and interventions. A future research direction should also include the potential long-term
effects on the problem-solving performance through transfer of learning to apply the skills to
broader engineering problems.

Finally, it is also important to gauge students’ acceptance of these recently developed VR
modules for the heat and mass transfer course. It was found that students had more positive
attitude towards learning when they positively perceived the modules’ usefulness and ease of use
[35], depending on various class dynamics and structures [36]. In addition, some students in our
study reported that they suffered from motion sickness and some did not. It was determined that
comfort and well-being is important in educational technology acceptance [36]. Further study is
needed to understand the effects of acceptance and well-being on learning performance.

10 Conclusions

This study provides preliminary evidence that VR may serve as a useful supplemental tool to
improve problem-solving skills in chemical engineering in the context of a heat and mass
transfer course. Our findings suggest that these benefits help students with different spatial
ability in distinct ways. For students with low spatial ability, VR appeared to improve their
performance in problem-representation-focused tests. This finding may be consistent with the
cognitive load theory, where VR provides visual support during learning to help them develop
mental models during the problem representation stage of the problem-solving process. This will
lessen the demand on their visuospatial working memory and provide more capacity to apply the
concepts they learned in class into the presented problems and solve them. For students with high
spatial ability, VR was associated with the increase in their performance in the solving-stage-
focused tests, highlighting the need for further study to understand the mechanism behind VR
benefits on the solving stage. In designing their courses, instructors can work together with
students to develop targeted strategies, tailored to factors such as spatial ability, to help them



improve their problem-solving skills. By having better problem-solving skills, students are better
prepared to solve problems efficiently as future engineers.
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Appendix A: Statistical analysis results for Mixed-Effects Model with time, spatial category
and intervention as fixed effects

Predicted SEM of
p-value

difference

Effects mean
difference

Test A: Fixed-effects tests (matching p = 0.06)
Time 0.23
Spatial category 0.07
Intervention 0.49
Time x Spatial category 0.14
Time x Intervention 0.82
Spatial category x Intervention 0.38
Time x Spatial category x Intervention 0.28
Test A: Post-hoc Sidik's multiple comparisons test
Pre-test: Non-VR A: LOW vs. Post-test: Non-VR A: LOW 3.5 5.8 >0.99
Pre-test: Non-VR A: HIGH vs. Post-test: Non-VR A: HIGH -1.8 5.8 >0.99
Pre-test: VR A: LOW vs. Post-test: VR A: LOW -12 7.6 0.76
Pre-test: VR A: HIGH vs. Post-test: VR A: HIGH -4.3 5.2 >0.99
Pre-test: Non-VR A: LOW vs. Pre-test: Non-VR A: HIGH -3.4 6.6 >0.99
Pre-test: VR A: LOW vs. Pre-test: VR A: HIGH -3.3 7.2 >0.99
Post-test: Non-VR A: LOW vs. Post-test: Non-VR A: HIGH -8.7 6.6 0.91
Post-test: VR A: LOW vs. Post-test: VR A: HIGH 4.8 7.5 >0.99
Pre-test: Non-VR A: LOW vs. Pre-test: VR A: LOW -2.5 7.5 >0.99
Pre-test: Non-VR A: HIGH vs. Pre-test: VR A: HIGH -2.4 6.3 >0.99
Post-test: Non-VR A: LOW vs. Post-test: VR A: LOW -18 7.8 0.22
Post-test: Non-VR A: HIGH vs. Post-test: VR A: HIGH -4.8 6.2 >0.99
Test B: Fixed-effects tests (matching p = 0.04)
Time <0.01*
Spatial category 0.05
Intervention 0.04*
Time x Spatial category 0.04*
Time x Intervention 0.22
Spatial category x Intervention 0.78
Time x Spatial category x Intervention <0.01*
Test B: Post-hoc Sidik's multiple comparisons test




Pre-test: Non-VR B: LOW vs. Post-test: Non-VR B: LOW -15 4.0 <0.01*

Pre-test: Non-VR B: HIGH vs. Post-test: Non-VR B: HIGH -7.3 39 0.58
Pre-test: VR B: LOW vs. Post-test: VR B: LOW 6.8 53 0.94
Pre-test: VR B: HIGH vs. Post-test: VR B: HIGH -12 3.5 0.02*
Pre-test: Non-VR B: LOW vs. Pre-test: Non-VR B: HIGH -11 4.6 0.24
Pre-test: VR B: LOW vs. Pre-test: VR B: HIGH 4.2 5.0 > (.99
Post-test: Non-VR B: LOW vs. Post-test: Non-VR B: HIGH -2.7 4.7 >(.99
Post-test: VR B: LOW vs. Post-test: VR B: HIGH -14 54 0.11
Pre-test: Non-VR B: LOW vs. Pre-test: VR B: LOW -6.3 53 0.96
Pre-test: Non-VR B: HIGH vs. Pre-test: VR B: HIGH 8.4 4.3 0.47
Post-test: Non-VR B: LOW vs. Post-test: VR B: LOW 16 5.7 0.08
Post-test: Non-VR B: HIGH vs. Post-test: VR B: HIGH 4.0 4.4 >0.99
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