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Performance of AI Language Models on Spatial Visualization Tests
and Implications for Tutoring

Abstract

Artificial Intelligence (Al) is increasingly embedded in higher education, and students now
routinely use open-access Al tools to support their learning. In engineering education, research
has shown that spatial visualization ability is a key predicator of entry into and success within
STEM fields, so students may be inclined to use Al for spatial skill training and assessment. This
study investigates: (1) how effective widely available Al language models are at completing
spatial visualization tasks and (2) how effectively they explain the reasoning behind their
answers. Four established instruments are used: the Purdue Spatial Visualization Test (PSVT),
the Differential Aptitude Test: Space Relations (DAT:SR), the Mental Rotation Test (MRT), and
the Mental Cutting Test (MCT). These tests were administered to several popular Al systems
that students may have access to (e.g., ChatGPT, Claude, Gemini, Perplexity), and quantitative
data were collected on the accuracy of answers for each test across repeated runs to capture non-
deterministic behavior. A common prompt sequence was administered to all Al tools to model
realistic student-like interactions, and changes in both answers and explanations were examined
across runs. Overall performance across test and Al systems was well below typical post-
instruction human performance reported in the literature, suggesting that current systems
struggle with complex visual-spatial tasks relative to textual problems. Rather than directly
evaluating human learning or training outcomes, this work benchmarks current Al performance
and explanation quality on spatial visualization tasks and uses these findings to inform when and
how such tools might be used as supplementary supports for spatial skills development in
engineering education. Future work will involve more in-depth tests for each instrument,
modified item formats that may be more compatible with current Al tools, and studies that
connect model behavior to actual student learning outcomes.

Keywords: spatial skills, artificial intelligence, chatbots, large language models, engineering
education

Introduction
Artificial Intelligence in Higher Education

Research on artificial intelligence for education has been conducted for decades, with earlier
work that focused on computer-assisted instruction to assist non-traditional or special-needs
students in educational settings [1]. This work framed artificial intelligence and computer
instruction not as “a means of disposing of the teacher... [but] [to] make conventional teaching
methods more effective” [1, p. 437]. This research acknowledged the expenses of computer
systems at the time but noted that the “next few decades will see the day when each child sits at



home at [their] own computer terminal” [1, p. 437]. The last few years have reinforced these
prior viewpoints, as artificial intelligence has been introduced into the mainstream and is
integrated into many of the technologies students use throughout their education. There has been
a variety of responses to these tools throughout institutions that fall along a “continuum between
the extremes of banning or prohibiting the use of the software and including it in the curricula”
[2, p. 354]. Recommendations for current students have included:

“[to] be digitally literate, master Al tools, and increase employability as a result; write
assignments and use Al as a set of tools as a way to improve writing skills and generate
new ideas, rather than simply copying and pasting text; learn how to use Al language
tools such as ChatGPT to write and debug code; and practise the use of Al language tools
(like ChatGPT) to solve real-world problems” [2, p. 356].

Research has explored undergraduate and graduate students’ perceptions of artificial intelligence
and its use in their learning [3]-[7]. Students voiced generally positive feelings towards artificial
intelligence, with it being used to support their brainstorming, research, and providing immediate
feedback on questions or assignments [4]. Some students did voice concern that it could “lead to
a decrease in critical thinking and make [students] make decisions only based on the information
that Al provides to them” [4, p. 11]. Other research explored adoption of these tools by students
that came from digitally literate backgrounds; findings indicated that students with high levels of
self-efficacy in their academic and technological background adopted artificial intelligence tools
such as ChatGPT for academic support . Conversely, students with high levels of anxiety or
stress about their academic career were more likely to adopt the tools, with them using “these
innovative tools [to] mitigate their anxiety and enhance their academic outcomes™ [3].
Interestingly, there was a significant negative relationship between student integrity and adoption
of ChatGPT tool usage, which “implies that students’ ethical standards and commitment to
academic integrity play a decisive role in influencing their inclination towards integrating
ChatGPT into their academic pursuits” [3, p. 7]. However, research has also documented that
anxiety impacts adoption differently across cultural contexts, with UK students showing
hesitation due to anxiety while Nepalese students showed less anxiety-related hesitation [8].
These tools may have the capacity to provide personalized learning environments, individualized
tutoring and feedback, and adaptive learning materials across various subjects [9], [10]. Studies
have shown that the individual tutoring provided by ChatGPT helps students receive timely
guidance to understand complex problems, experiment with hands-on learning, and engage in
practice through individually designed exercises [11]. As ChatGPT can understand and respond
to queries in different languages, it offers instant tutoring capabilities that promote self-directed
learning skills and metacognitive development for diverse student populations [11], [12].

However, some students were wary about becoming too dependent on Al use for educational
work [5], [6]. Some respondents to a survey “argued that it is ethically problematic for students
to depend heavily on ChatGPT for composing their assignments... [and] expressed concerns



regarding the potential over-reliance on ChatGPT for educational tasks” [6, p. 6]. A dependence
“on ChatGPT may damage the fundamental objectives of education, potentially negatively
impacting students’ critical thinking and creative writing skills” [6, p. 6]. In an engineering
design course, students felt discouraged from using the tool partly due to their lack of “prompt
literacy”, or their inability to articulate sufficiently specific prompts to utilize these tools to
answer questions [48, p. 6). Other research found that Al tools will likely require additional
prompting as “[i]t took three additional prompts from the user [to] finally [give] the correct
answer to get the right solution” [49, p. 9]. While these tools will acknowledge mistakes, they
would often opt to utilize a separate method which would lead to another mistake; these results
indicate that to create “effective prompts, the students need to be well-versed with the respective
subject” [49, p. 10]. Overall, while empirical studies have revealed that ChatGPT can positively
impact critical, reflective, and creative thinking skills when students actively engage with the
tool [5], passive reliance could undermine these benefits and encourage greater resilience on
heuristic or surface-level thinking.

Spatial Skills in Engineering

Engineering students must maintain various technical competencies, one of these being spatial
ability. In the 1950s, spatial aptitude was noted to be a critical indicator of a successful engineer
[13], [14]. This skill is typically defined as the ability of an individual to use mental
representations and mental visualizations in their mind to solve problems that involve
manipulations and transformations of visual stimuli [15]-[16]. Research has empirically
validated spatial skills as key predictors of students’ decisions to major in STEM disciplines
alongside subsequent success in those fields[17]-[22]. It has also been reported as an important
component in mathematical word-problem solving [16], [23], engineering design problem
solving [15], creative design performance [24]-[26], chemical engineering problem solving [27],
computer programming success [28]-[32], mechanical reasoning and engineering [33], and as a
highly relevant construct in the general structure of human intellect [34]. Longitudinal research
spanning over 50 years has demonstrated that spatial ability assessed in adolescence predicts
creative and scholarly achievements decades later, particularly in STEM domains, and adds
incremental predictive validity beyond traditional measures of mathematical and verbal ability
[35]. Other research has also revealed that there are differences in spatial ability based on gender
and socioeconomic status [36], [37], but spatial ability can be trained either through workshops
or direct curriculum modifications to improve retention of underrepresented groups in
engineering [19], [21], [38]-[39]. Meta-analytic evidence indicates that spatial training
interventions produce significant and sustained improvements in spatial skills, with effects that
transfer to STEM learning outcomes [21].

Artificial Intelligence and Spatial Skills

Prior research shows that students and faculty are typically receptive to applying artificial
intelligence agents to their work, and as spatial skills are a critical construct for overall success in



engineering, this may prompt some to use these tools to assist in spatial learning. However,
recent benchmark studies have revealed limitations of current Al models when performing
spatial reasoning tasks. Research evaluating GPT-40 on visual elements shows accuracy rates
dropping to 49.3% for questions with visual components compared to 72.2% for text-only
questions, with particular struggles in interpreting spatial information, radiographic images, and
complex anatomical diagrams [40]. Similar work that asked Al to solve the PSVT: R, a revised
version of the PSVT, using ChatGPT 4, Gemini 1.5 Pro, and Llama 3.2 revealed underwhelming
results despite the addition of axis labels to the test [41].

In this study, we focus on benchmarking how well general-purpose Al language models solve
standardized spatial visualization tests and how they explain their answers, rather than on
directly measuring student learning gains. We do not implement an instructional intervention
with human participants or track changes in spatial ability over time. Instead, we use the
observed performance levels and explanation patterns to reason about the plausibility and
limitations of using current models as spatial visualization tutors or practice aids. This informs
the overall research for this paper; how effective are readily accessible artificial intelligence tools
at solving spatial visualization tasks? To answer these questions, common artificial intelligence
tools and four spatial visualization tests for each tool to complete were selected. The methods
used to collect data are described in the following sections.

Methodology
Spatial Visualization Tests

Four spatial visualization tests were selected: the Purdue Spatial Visualization Test (PSVT) [42],
the Differential Aptitude Test: Space Relations (DAT:SR) [43], the Mental Rotation Test (MRT)
[44, p. 599], and the Mental Cutting Test (MCT) [45]. These four tests were chosen as they are
commonly used assessments to gauge students' spatial skills.

The PSVT contains 30 questions designed to measure how well participants can visualize the
rotation of three-dimensional objects. Each question contains a criterion figure at the top that
shows a rotation of a three-dimensional object along some axis; five options are provided with
only one correct answer that mimics the same rotation as the original image, as displayed in
Figure 1 [42].
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Figure 1. Sample Problem from PSVT (Correct answer is B)

The DAT:SR contains 10 questions designed to measure how well someone can mentally fold a
provided pattern to make a three-dimensional object. An original flat pattern is shown on the left
side that contains squares and different levels of shading, followed by four questions on the right
side of three-dimensional objects. There is only one correct answer for each question. An
example question is provided in Figure 2.
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Figure 2. Sample Problem from DAT:SR (Correct answer is D)

The MRT is a typically timed exam where participants complete 24 questions in 6 minutes. As
displayed in Figure 3, the question provides an original image on the left side, and four options
of the original figure rotated on the right side. There are two correct options that are the rotated
views of the original figure; both must be selected to earn full credit for that item.
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Figure 3. Sample Problem from MRT (Correct answeris 1 & 3)

In the MCT, a three-dimensional figure that has a cutting plane through it is shown on the left
and five two-dimensional figures are shown on the right. The test consists of 25 items and timed



for 20 minutes, with 1 correct option for each question. An example of the MCT is provided in
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Figure 4. Sample Problem from the MCT (Correct Answer =D)

Figure 4.

Artificial Intelligence Chatbot Usage and Prompt Selection

To broaden results, the analysis utilized Al tools that students may be able to access beyond
ChatGPT and included both free and paid versions of tools, with the intent of examining whether
tools students can access are capable of handling spatial visualization tasks and providing useful
feedback.

Previous iterations of this work used a simplistic approach where a .pdf or screenshots of the
spatial visualization task were uploaded with the prompt of “answer these questions” As prior
research has shown the importance of content knowledge when prompting artificial intelligence
tools on subjects [48]-[49], and that Al tools that work on a spatial visualization test typically
need more details and information to have meaningful results [41], the research team decided to
utilize the following prompts for all Al tools analyzed. As all of the Al tools responded with
incorrect answers in at least some runs, all four of the below prompts were run on each selected
tool for each spatial visualization task. Within each chat, the four prompts were entered in
sequence, and this sequence was repeated four times per model and spatial test under identical
settings. Each run was treated as an independent non-deterministic sample of the model’s
behavior, and we recorded the number of correct responses per run to characterize variability
across runs; the resulting averages are summarized in Table 2.

Prompt: You are an Al assistant solving spatial reasoning test items. I will provide images
(screenshots or PDF pages) of a spatial reasoning test. Each image contains one multiple choice
question with labeled options (for example A, B, C, D, though the number of options may vary
by test). For every question shown, identify the single best answer and return:

1. the question number, and
2. the chosen option label (for example A, B, C, D). Answer all questions that appear in the
images with the reasons.
Prompt 2: Some of your solutions are incorrect, attempt the spatial visualization task again.
Prompt 3: The solutions [insert the number of the solutions that were correct] are correct, but
some of the solutions are incorrect, attempt the spatial visualization task again.

Prompt 4 was the same as Prompt 3, with the researchers updating the list of correct solutions if
there was an increase or decrease. Each PDF contained the original tests and figures exactly as



presented in the paper-based versions. In previous versions of this work, more Al tools were
reviewed, but due to tool deprecation and changes in accessibility , they were not analyzed in the
present study. The final set of Al models selected were: ChatGPT5.2, Claude Al (Sonnet 4.6
version), Google Gemini (free version, accessed with a google account), and PerplexityAl (paid
version, accessed with the researchers account). These access patterns were chosen to mirror
realistic student usage scenarios, where some tools are accessed anonymously in a browser and
others through institution-linked or personal accounts with different feature sets.

Results

A previous iteration of this work used the simple prompt of “answer these questions” with
different Al tools; the scores based on their answers are shown below in Table 1.

PSVT (out of 30) | DAT:SR (out of 10) | MRT (out of MCT (out of 25)
24)

ChatGPT 4.0 0 (0%) 2 (20%) 2 (8%) 4 (16%)
ChatGPT 5.2 1 (3%) 2 (20%) 5(21%) 6 (24%)
OpenAl (API) 5 (17%) 1 (10%) 4 (17%) 3 (12%)
ClaudeAl 7 (23%) 1 (10%) 5(21%) 0 (0%)

Google Gemini 5 (17%) 2 (20%) 8 (33%) 6 (24%)
PerplexityAl 5 (17%) 2 (20%) 6 (25%) 5(20%)

Table 1. Al spatial visualization scores using a single simplistic prompt

Each spatial visualization task was provided to an Al tool in an individual chat. Within each chat,
the four prompts were entered in sequence, and this sequence was repeated four times per model
and spatial test under identical settings. Each run was treated as an independent non-
deterministic sample of the model's behavior, and we recorded the number of correct responses

per run to characterize variability across runs; total averages for the resulting scores are shown in
Table 2.

PSVT (out of 30) | DAT:SR (out of 10) | MRT (out of 24) | MCT (out of 25)
ChatGPT 5.2 13.75 1.25 2.50 3.5
ClaudeAl 8 3.25 3.75 6.25
Google Gemini 3 2.75 3.25 6
PerplexityAl 4.75 1.75 3.50 3.75

Table 2. Average scores of spatial visualization tests after four prompted attempts

Across the four repeated runs per model and test, score variability was modest in absolute terms
but still underscored the non-deterministic nature of model behavior. For most model—test
combinations, the range of scores across runs spanned a small number of items, with standard



deviations on the order of approximately 1-2 points on each instrument. Even at the upper end of
these distributions, however, the highest run scores remained well below typical post-instruction
human cohort means reported in the literature, which often exceed 60—70 percent of items

correct on PSVT, MRT, and MCT. Given the small number of repeated runs and the lack of
matched human comparison data for this sample, we did not conduct formal statistical tests of
Al-human differences and instead interpret these gaps descriptively relative to published norms.

Discussion

Table 1 shows underwhelming performance across all tools. Performance was generally higher
on the MRT and MCT than on the PSVT and DAT:SR for most models, with Google Gemini
and Perplexity Al showing the strongest overall performance, though still at levels that would be
considered low spatial proficiency by conventional standards. Claude Al scored higher on the
PSVT, although Perplexity, OpenAl, and Gemini achieved a similar number of correct answers
on that test, indicating no clear dominant models across all instruments. Across all four tests, no
tool scored above approximately 33% of the questions correct, which is substantially below post-
instruction human engineering cohorts reported for PSVT, MRT, and MCT in the literature,
where mean scores often exceed 60-70% [39]. As the study was exploratory and the number of
tools and conditions was limited, we focused on descriptive rather than inferential analysis and
did not compare tools using formal significance tests or effect sizes.

To further explore how the tools interacted with the tests, the PSVT was chosen to be run again
with Perplexity Al and given a bit more information regarding the test. This was done as the
team had an enhanced version of Perplexity Al and the PSVT was the most publicly accessible
test. In the same chat as the original question and file were uploaded, further instructions were
provided for the Al in regard to how to rotate on the X, Y, Z axis; that each rotation in the test
was done in increments of 90 degrees; and that there were one or more rotations that could occur
in each question. For this second run, the Perplexity Al improved to six questions answered
correctly (20%) on the PSVT. However, of these six questions, only one of them was the same
answer as the previous iteration, meaning Perplexity Al answered 5 previously correct answers
incorrectly. This may have occurred as it had not been informed which items it had answered
correctly on the first iteration. This instability suggests that the model’s internal reasoning about
3D rotation is not robust and that performance may be sensitive to prompt phrasings and
stochastic sampling, rather than reflecting a stable spatial representation. Further questions were
asked to ChatGPT 5.2, as this tool is commonly used by the public. It was prompted to explain
why it chose C for the first question of the PSVT, which is incorrect, as referenced in Figure 5
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Figure 5. PSVT Question 1 (Correct Answer =A)
The following transcript below details this interaction with the following prompt: “Can you

explain question 1 and why it is that answer (C)? (the format in the ChatGPT application used
different headings and bullet points which is transformed into a text-block below):

Question 1 is an “analogy rotation” problem: If Shape A is rotated to become Shape B,
then rotate Shape C the same way and pick the matching option (A—E). What rotation is
happening in the example (top pair in Q1)? Look at the first (given) object pair on page 1,
Question 1: In the left object, the most distinctive feature is that cut-out / open “bay” on
the front-left side (you can see into the object). In the right object, that same cut-out
appears on the front-right side instead. That “front-left — front-right” change is what
you’d get if you rotate the object 90° around the vertical axis (like turning it on a
turntable), so that the left-facing side swings around to become the right-facing side. A
quick way to think of it: You are not flipping it upside down, You are not mirroring it,
You are spinning it around the up-down direction. Apply the same rotation to the “AS”
shape. Now take the “AS” shape in Q1 (the slanted block): Key features to track: The
slanted face (the ramp-like plane). The lower protruding block under the ramp (the
“foot”). Which side that “foot” sits on relative to the ramp. After applying the same 90°
spin around the vertical axis, the ramp and the “foot” should appear on the corresponding
rotated side. Why the correct option is C among the answer choices: C is the only one
where the ramp orientation and the attached lower block end up in the correct rotated
position relative to each other after that same vertical-axis turn. The other options either:
put the “foot” on the wrong side of the ramp, change the ramp’s facing direction in a way
that would require a flip (not just a rotation), or don’t preserve the same adjacency
between the faces. So the match is Option C for Question 1.

After this explanation ChatGPT was prompted that the correct answer for question one was “A”:

You’re right — Question 1 is A. [ mis-called it earlier. Thanks for catching it. Here’s
why A is the only option that matches the rotation being applied. Step 1: Identify the



rotation from the example pair (top of Q1) In the top “...is rotated to...” pair on Question
1 (page 1), the object isn’t being mirrored or flipped — it’s being turned in space. The
cleanest feature to track is the deep rectangular cut-out / “bay” you can see inside the
block. In the left figure, that bay is visible from the near/front side. In the right figure, the
same bay becomes visible from a different side, consistent with a quarter-turn around the
vertical axis (like spinning it on a table). So: same object, turned horizontally (no upside-
down flip). Step 2: Apply that same turn to the “AS” shape Now look at the “AS” shape
(the one you must rotate): Key things to track: The notch/opening (the “missing corner”
cut-out). The top flat face orientation (which way the roof-like top is facing). Which side
the vertical drop / “inside corner” ends up on after the turn. After applying the same
horizontal spin: The notch that was on the “near-left” side should move to the
corresponding “near-right” (or vice versa, depending on which direction you interpret the
example rotation). The shape must stay the same: same notch depth, same inside corner,
same face adjacency. Step 3: Why the answer is A Among choices A-E for Q1: A
preserves the notch and inside corner exactly and places them on the correct side after the
same turn. The other choices fail in at least one way: some swap the notch orientation
(that’s a mirror), some put the notch on the wrong face (wrong axis of rotation), or the
face adjacency doesn’t match (the “cut-out” is shaped/positioned differently than a
rotation would allow). So, the rotated result is A.

It is notable that between the two explanations, the model referenced meaningful physical
features of the object (for example, notches, bays, inside corners) and used plausible 3D
language about axes and rotations, yet it changed its conclusion about the correct answer once
given the solution. This pattern suggests that the model can produce detailed, seemingly expert
explanations that are not anchored in a stable spatial representation of the object and its motion.
In other words, the explanation quality, in terms of language and conceptual vocabulary, can
appear high while the underlying reasoning remains incorrect or post hoc. The explanation was
in ChatGPT 5.2 under one researcher’s account, so any particular explanation style may have
been influenced by prior personalization features in the interface. New attempts in anonymous
sessions or with different accounts may yield different explanation styles, which further
complicates treating these models as consistent and reliable tutors.

Another interesting occurrence was that despite the prompts where an Al tool was informed of
the correct answer, it would change that correct answer in a later iteration. Claude Al had this
occur for question 4 of the MRT; the associated figure of the question and subsequent
conversation is provided below.
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Figure 6. MRT Question 4. Correct Choice (BC)

In the second and third prompt, Claude Al answered BC, the correct answer; however, it changed
it to BD in its last iteration. The following is the transcript of its explanation:

Researcher: For this question, you stated that BD was the correct answer. Can you
explain your reasoning?

ClaudeAl: Target: An S/Z-shaped structure. Starting from top-left, there's a horizontal
row of 3 cubes going right, then stepping down and left for a middle section of about 3
cubes, then another horizontal row at the bottom going right. The shape has a specific 3D
depth/chirality. Option A: The proportions look similar, but the orientation of the
step/depth appears different - the cubes seem arranged in a way that doesn't match the
target's handedness. Option B: When mentally rotated, this appears to match the target's
3D structure and chirality correctly. v/ Option C: The step direction and depth appear to
create a mirror image rather than a rotation. Option D: This also appears to match when
rotated - the proportions and handedness of the S-shape are consistent with the target. v/
However, I want to be honest - I am not fully confident in this answer. Looking again
more carefully, I can see arguments for B and D but also potentially for other
combinations. The 3D depth cues in these drawings are subtle, and I may have misread
them. Could you tell me the correct answer for Q4? That would help me better calibrate
my spatial reasoning for the remaining unsolved questions.

After telling Claude Al that the correct answer is BC and to explain why it thinks it is, it stated
that:

Option A: Looking more carefully, this actually matches the target's chirality and
proportions when rotated - the depth cues and face orientations are consistent v' Option
B: This also matches - when rotated, the handedness and step direction are preserved
correctly v/ Option C: This is actually a mirror image - the depth of the cubes faces the
wrong direction Option D: This appears to be an L-shape with different proportions
rather than a true S-shape rotation. So B, C is correct because: B matches the target's 3D
handedness when rotated C matches the target's 3D handedness when rotated differently.
A and D are either mirror images or have different structural proportions

Despite being told that BC was the answer, Claude Al stated that C is a mirror image in a
language that appeared to assume it was incorrect; notice that it did not have a checkmark after



the explanation for option c¢. Overall, while Claude Al can get some answers correct, it may
hallucinate or change methods after runs which is similar to work found elsewhere when asking
Al to solve advanced equations [49].

As per the PSVT in Table 2, ChatGPT scored the highest. Due to its development, ChatGPT can
only have 20 images uploaded with a prompt at once, however the PSVT has 30 questions total,
so the remaining 10 had to be uploaded later. This had to be done as the .pdf was refused by
ChatGPT. To account for this, four runs for the 20 questions were done first in the chat, and in
the same chat four runs were done for the 10 questions. This resulted in eight total runs which
may have allowed more training for the chatbot, resulting in the final 10 being all correct after its
third run on that subset of questions. When asked to explain why all those questions were
correct, it responded with:

I Stopped “Intuiting” and Matched the Exact Reference Rotation. In my earlier attempts,
I was mentally rotating the lower object in what looked like a reasonable way. That’s a
common trap in PSVT-type problems — especially with symmetric or near-symmetric
solids. What I corrected: I explicitly treated the top pair in each question as a
transformation operator. I identified the exact type of rotation (almost always a 90° yaw
about the vertical axis in this set). I then applied that same axis and direction to the lower
solid. Previously, I was sometimes rotating about the wrong axis (e.g., pitch instead of
yaw), which produces a shape that looks plausible but is wrong. Why the Earlier
Attempts Were Wrong: Treating the rotation as “free 3D rotation” instead of the exact
transformation demonstrated. Occasionally performing a mirrored transformation instead
of a rotation. Overweighting visual similarity instead of structural adjacency. If you're
using these for teaching or research (which I suspect you might be), this set is a great
example of how: Students who rely on mental imagery alone often rotate about the wrong
axis. High performers tend to anchor on invariant features (edges/adjacency) instead of
the silhouette.

This explanation utilized spatial visualization terminology in a convincing way and even
referenced silhouette, so richer data may be derived from much deeper reruns of these tests.
However, as this was done due to restrictions of the PSVT question size, it may explain its
deeper understanding. Overall, it seems that ChatGPT had more confidence and spatial
terminology than Claude Al.

Previous work that explored the PSVT: R, a revised version of the PSVT, utilized ChatGPT 4,
Gemini 1.5 PRO, and Llama 3.2 [41]. In that study, the researchers enhanced the PSVT:R by
adding explicit axes graphics to each question so the Al could “read” the exact axis part of the
question. While these modifications improved performance relative to baseline runs, overall
accuracy remained unsatisfactory. Researchers concluded that “accuracy for purely image-based
tasks, like object detection or more complex image analysis, may not match specialized vision
models and still relies heavily on textual inputs to guide [AI] performance...[t]his indicates that



[AI] cannot identify complex rotation tasks and cannot identify the similarities between two
identical rotation processes with different objects" [41, p. 11-12]. This aligns with the present
study’s finding that general purpose language models, even when augmented with vision and
axis annotations, struggle to robustly map rotations from one object to another. It is also
important to distinguish between Al applications that use spatial data in support of visualization
(for example, mapping, GIS, or 3D modeling systems) and the use of language models alone to
solve abstract spatial visualization tests. Prior work has shown that Al and related computational
tools can support spatial learning and spatial intelligence development in applied contexts [46],-
[47], particularly when they are embedded in interactive systems, simulations, or intelligent
tutoring environments. However, such systems typically rely on explicit geometric
representations or specialized vision modules, which is a different setting from asking a general-
purpose language or vision—language model to independently solve mental rotation and cross-
section items.

Conclusions

This research attempted to examine how effective Al models are at completing spatial
visualization questions that engineering students must complete. With underwhelming
performance, it was difficult to then realistically extend tutoring capabilities of these tools, as
they would confidently voice explanations to incorrect answers; a notable example was ChatGPT
5.2 refusing to answer with two correct options for the MRT, stating that it cannot reliably
present two choices as the uploaded file, the original MRT test, does not present two answer
choices that are valid. As Al is more accessible in engineering education contexts and spatial
visualization is a critical skill for most engineers to have, students may use these tools to help in
spatial visualization training or exams. The methodological approach to collecting data was
framed with a current undergraduate engineering student in mind; one who may have access to
some suite of tools and can ask basic prompts towards Al systems. Overall performance for all
tools was unsatisfactory, as no Al was able to score higher than roughly one third of the
questions correct on any of the spatial visualization tests, which indicates using these models as
stand-alone tutors or solution engines for such tasks may be counterproductive. These results are
consistent with external evaluations of multimodal and vision—language models, where 3D
spatial reasoning, mental rotation, and cross-sectional understanding remain notable weaknesses
despite otherwise strong language and coding capabilities. However, item-level probing showed
that some models could correctly identify salient visual features (for example, notches, bays, or
cut-outs) in images uploaded via PDF and use these features as anchors in their explanations,
even when the final answer was wrong. This suggests that models have emerging but incomplete
visual parsing abilities that are not yet matched by reliable spatial reasoning.

In contrast, some tools had difficulty accepting certain file formats (for example, Microsoft
Copilot’s inconsistent handling of PDFs and screenshots in some deployments), which constrains
how students can use them in practice and highlights the role of interface and platform
differences in shaping Al-learner interactions. As commercial systems continue to expand



multimodal capabilities and training data, their performance on spatial tasks may improve, and
they could become more useful in hybrid, human-supervised tutoring scenarios. However, at
present, they should be treated as supplementary aids whose explanations require critical
evaluation, rather than as authoritative sources for spatial visualization instruction. Current
general-purpose Al systems should be used cautiously as spatial tutors as their performance on
standardized spatial visualization tests remains well below typical engineering student norms,
and their explanations can be confidently incorrect. Because this study did not include student
participants or measure spatial skill development over time, any claims about tutoring are
necessarily inferential and pertain to the plausibility of using current models as tutors, rather than
to demonstrated training effects. Within these constraints, the present findings suggest that these
systems are best positioned as supplementary tools whose outputs should be interpreted through
instructor guidance and established spatial reasoning principles.

Limitations and Future Work

This work attempted to examine how Al tools score on spatial visualization tasks as well as
explain these tasks. This work was inspired by the access undergraduate engineering students
have to these tools, and as spatial visualization skills are part of courses or a test they may take,
they may be tempted to rely on them or use them as aides to enhance their studies. Prior work by
the researchers on this topic used a single prompt and documented answers; this time, with
repeated runs the tools began to answer on average 1 or 2 more questions correctly. Despite this,
the scores are well below a passing grade. However, these tools are still extremely confident in
their explanations, and if run enough with specific prompts and given the explicit answers right
away, they could be used as an additional tool to help look at these elements in a different way.
A potential example is to ask a model to explain an item very simply, or to describe what process
could be used to get to that conclusion. Future work can use analogous modifications to those
used by [41] for PSVT, such as adding explicit axis graphics and textual descriptions of
rotations, could be applied across all four tests to see whether richer multimodal cues improve
performance or only produce superficial gains. Attempting deeper qualitative analysis of Al-user
dialogues, including full transcripts of explanations for correct and incorrectly answered items,
would help clarify how these tools represent and communicate spatial information to learners.

A central limitation of this work is the constrained prompting and interaction space. We relied on
a shared family of four prompts, a small number of repeated runs per model and test, and specific
account and interface configurations for each system. Prior research on generative Al suggests
that performance can change substantially with alternative prompt phrasing, interaction styles, or
deployment contexts; therefore, the scores and explanation patterns reported here should be
interpreted as snapshots of model behavior under a particular set of prompting conditions rather
than definitive characterizations of each model’s spatial capabilities. As personalized tutoring is
a key perceived benefit of Al for students, and because models like ChatGPT can pick out fine-
grained details in images (for example, the notch or bay referenced in this study), there is clear
potential for these systems to become more effective spatial learning supports once they are



combined with better geometric reasoning modules and pedagogically aligned prompting
strategies. Future work should examine the following: systematically comparing different
prompting strategies (minimal vs structured, single-shot vs multi-step) and input formats (full
PDFs vs per-item screenshots) for each model; integrating specialized vision or geometry
engines with language models to see if there is higher accuracy on spatial tests; and exploring
Al-supported instructional designs, such as the Al-supported SE model, that embed Al tools
within curated learning environments rather than using them as direct solvers of standardized
tests. More attempts with richer prompts, model comparisons, and modified spatial visualization
tasks can provide deeper insights into both the current limitations and future promise of Al as a
component of spatial skills instruction in engineering education.
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