Journal of Higher Education Teaching (ISSN: 3005-5776) Vol. 2 No. 4, 2025 201

Exploring Personalized Teaching Paths inMechanical Drawing
Education with the Aid of Artificiallntelligence

Zhu Xiaomei
Geely University of China, Chengdu, Sichuan, China

Abstract: The integration of Artificial
Intelligence (AD into educational
frameworks presents a paradigm shift from
traditional one-size-fits-all teaching
methodologies to dynamic, student-centric
learning experiences. This paper explores
the development and implementation of
personalized teaching paths in mechanical
drawing education, a discipline that
fundamentally relies on a sophisticated
synthesis of spatial reasoning, precision, and
adherence to complex international
standards. Traditional instruction in this
field often struggles to cater to the diverse
learning paces, cognitive styles, and
pre-existing knowledge bases of students,
leading to significant gaps in understanding
and practical skill acquisition, which can
hinder future professional success. This
research  posits that an  Al-driven
educational model can effectively address
these challenges by offering adaptive
learning content, real-time intelligent
assessment with granular feedback, and
customized pedagogical interventions. We
investigate the architecture of an Al-assisted
system designed to meticulously analyze
student performance data, identify specific
areas of difficulty—such as orthographic
projection, the interpretation of section
views, or the correct application of
geometric dimensioning and tolerancing
(GD&T)—and dynamically adjust the
curriculum to reinforce weak points while
accelerating progress in areas of established
strength. The proposed personalized path is
not merely a linear sequence of topics but an
interactive ecosystem. Within this ecosystem,
students engage with Al-powered tutors,
receive immediate, actionable feedback on
their drawing submissions—identifying
errors down to the level of a single incorrect
line or dimension—and are guided through
a curriculum that is continuously tailored to
their unique learning trajectory and
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evolving competency profile. This study
examines the theoretical underpinnings,
practical implementation, and potential
impact of such a system, using detailed
comparative data and qualitative student
feedback to rigorously evaluate its
effectiveness against conventional teaching
methods. The findings strongly suggest that

Al-assisted personalization significantly
enhances learning efficiency, deepens
conceptual understanding, improves

long-term knowledge retention, and boosts
student engagement and confidence in the
demanding field of mechanical drawing.
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1. Introduction

Mechanical drawing, as a cornerstone of
modern engineering, product design, and
manufacturing, serves as the universal and
unambiguous language for communicating
design intent, material specifications, and
critical functional requirements across global
supply chains. The mastery of this discipline is
therefore indispensable for aspiring engineers,
architects, and technicians, as it requires a
sophisticated blend of abstract spatial
visualization, rigorous logical reasoning, and
meticulous attention to established
international standards like ISO and ANSI.
However, the traditional pedagogical approach
to mechanical drawing has historically
followed a rigid, linear curriculum that fails to
adequately accommodate the wide spectrum of
student aptitudes, prior experiences, and
learning speeds. Students enter the classroom
with  vastly different levels of prior
knowledge—some may have experience with
3D modeling software, while others may
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struggle with basic geometric concepts—and
innate spatial reasoning abilities, yet they are
typically marshaled through the same sequence
of lectures, standardized assignments, and
summative assessments. This standardized,
one-to-many model can result in significant
and predictable pedagogical inefficiencies.
Students with strong spatial skills may become
disengaged and bored due to a lack of
sufficiently challenging material, stunting their
potential for excellence. Conversely, and more
commonly, others may fall behind, unable to
fully grasp foundational concepts like
orthographic projection or the nuances of
dimensioning standards before the curriculum
inexorably moves on. The resulting knowledge
gaps are not trivial; they can compound over
time, leading to a fragile and incomplete
understanding of more complex topics such as
assembly modeling or tolerance analysis,
ultimately eroding a student's confidence and
competence. This superficial understanding is
particularly detrimental in a field where
precision is paramount. The advent of Artificial
Intelligence (AI) in education offers a
transformative and powerful solution to these
long-standing challenges. By leveraging the
analytical and adaptive capabilities of Al, it
becomes possible to create a truly personalized
learning environment that assesses and adapts
in real-time to the specific needs of each
individual student, marking a significant and
necessary departure from the static nature of
conventional instruction and paving the way
for a more effective, engaging, and equitable
educational experience in the vital field of
technical drawing!'.

2. The Theoretical

Al-Driven Personalization
The design of a personalized teaching path for
mechanical drawing is deeply rooted in
established learning theories, primarily
constructivism and cognitive load theory,
which are not merely supported but
significantly amplified by the capabilities of
modern Al. Constructivism posits that learners
are not empty vessels to be filled with
knowledge, but rather active builders who
construct their own understanding through
direct experiences and social interactions. An
Al-assisted platform fully embodies this
principle by fundamentally shifting the
student's role from that of a passive recipient of
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information to an active participant in their
own learning. Instead of simply listening to a
lecture and attempting to replicate static
examples from a textbook, the student engages
in a continuous, iterative cycle of drawing,
submitting their work for analysis, receiving
detailed, contextualized feedback, and revising
their work based on that guidance. The Al
system acts as an intelligent scaffold, providing
just-in-time support, contextual hints, and
targeted exercises that enable the student to
methodically construct their understanding of
complex spatial relationships and abstract
drawing conventions, much like an apprentice
learning from a master. Furthermore, the
system is meticulously engineered to manage
and optimize cognitive load. Cognitive load
theory suggests that learning is severely
hampered when the amount of mental effort
required to process new  information
(extraneous load) exceeds a learner's finite
working memory capacity, leaving insufficient
resources for deep learning (germane load).
Traditional mechanical drawing instruction can
easily induce cognitive overload, particularly
when introducing multifaceted topics like
auxiliary views, complex sectioning, or
detailed assembly drawings all at once. An
Al-powered system mitigates this risk by
deconstructing complex problems into a series
of manageable, logically sequenced sub-tasks.
For example, when teaching assembly
drawings, the Al might first ensure mastery of
each individual component part before
introducing sub-assemblies, and finally the
complete assembly, thus controlling the
cognitive demand at each stage. It offers
interactive, guided tutorials for specific
procedures and provides a comprehensive,
searchable knowledge base that students can
access on demand. This adaptive pacing
ensures that students are consistently
challenged but never overwhelmed, allowing
them to build upon their existing knowledge
base incrementally and effectively. The Al's
ability to diagnose misunderstandings instantly
and accurately prevents the learner from
practicing and reinforcing incorrect techniques,
thereby optimizing the learning process and
ensuring that their cognitive effort is directed
toward meaningful, lasting skill acquisition
rather than the frustrating and time-consuming
task of correcting ingrained errors!?.,
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3. The Role of AI in Transforming
Mechanical Drawing Education

The integration of Al fundamentally transforms
the two core components of mechanical
drawing education: content delivery and
performance assessment. In terms of content,
Al-powered systems can act as expert curators,
intelligently recommending specific learning
materials—such as video tutorials, interactive
3D models, theoretical readings, and practice
problems—based on a student's evolving,
data-rich performance profile. For instance, if a
student consistently makes errors in applying
dimensioning rules for cylindrical features,
such as improperly dimensioning diameters
versus radii or failing to use center lines
correctly, the Al can automatically intervenel3],
It provides targeted video tutorials that explain
the standard, interactive simulations that allow
for practice in a controlled environment, and a
series of focused exercises on that specific
topic until mastery is demonstrated through
successful application. This contrasts sharply
with the traditional model, where a student
might not receive corrective feedback on their
misunderstanding for days or even weeks, by
which time the class has already advanced to
new  material, leaving the  student's
foundational knowledge weak. The most
profound transformation, however, lies in the
realm of intelligent, automated assessment.
Using a combination of computer vision to

parse geometry and rule-based algorithms
derived from ANSI/ISO standards, an Al
system can analyze a student's submitted
drawing in seconds, providing immediate,
granular, and objective feedback. It can
identify subtle geometric inaccuracies (e.g., a
line that is not perfectly tangent to an arc),
incorrect line types or weights, violations of
complex dimensioning standards (e.g.,
redundant dimensioning), and fundamental
errors in  orthographic projection. This
real-time, continuous feedback loop is a
powerful pedagogical tool that accelerates the
learning curve exponentially. As demonstrated
in Table 1, a comparative analysis between a
traditional and an Al-assisted cohort shows a
marked improvement in learning outcomes.
The AI group not only achieved significantly
higher average scores but also demonstrated
mastery of core concepts in substantially less
time, with a dramatic reduction in the rate of
critical errors on their final projects. This final
point is particularly salient, as it suggests that
graduates from such a program would be better
prepared for the high-stakes environment of
professional engineering, where such errors
can lead to costly manufacturing failures. This
data powerfully underscores the efficacy of Al
in creating a responsive, personalized, and
efficient learning environment that is nearly
impossible to replicate at scale through manual
human instruction alonel*l.

Table 1. Comparative Analysis of Learning Outcomes

Metric Traditional Instruction| Al-Assisted | Percentage
Group (n=50) Group (n=50) Change
Average Final Score (%) 78.5 91.2 +16.2%
Average Time to Master Orthographic Projection (hours) 15.0 9.5 -36.7%
Average Time to Master Basic Dimensioning (hours) 12.5 7.0 -44.0%
Rate of Critical Errors in Final Project (%) 18.2 54 -70.3%

4. Designing and Implementing Personalized
Learning Paths

The core intelligence of the Al-assisted model
is its ability to construct, manage, and
dynamically adjust a personalized learning path
for each student in real-time. This sophisticated
process begins with an initial diagnostic
assessment that goes beyond simple
multiple-choice questions to evaluate the
student's baseline skills through practical
drawing tasks in areas such as spatial
visualization, geometric construction, and
familiarity with basic drawing standards. Based
on the rich data from these results, the Al
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system generates an initial learning plan and
assigns the student to a specific archetype, such
as a "Visual Learner" who excels with 3D
models but struggles to translate them into 2D
projections, or a "Methodical Learner" who is
proficient with standards but works at a slower
pace and needs reinforcement on procedural
steps. As the student progresses through their
tailored curriculum, the system continuously
collects a vast amount of data on their
performance—every line drawn, every
dimension placed, every command used, time
spent on each task, and every error made. This
data feeds into the student's dynamic profile,
allowing the Al to make constant,
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micro-adjustments to the learning path. For
example, if a student in the "Advanced"
archetype quickly masters a unit on section
views with near-perfect accuracy, the system
may unlock more challenging optional modules
on specialized topics like weldment drawings
or advanced geometric dimensioning and
tolerancing (GD&T)P!. Conversely, if a student
categorized as "Struggling with Spatial
Reasoning" consistently fails to correctly
project a third view from two given views, the
system will pause the main curriculum and
introduce a series of targeted remedial
exercises. These might include interactive 3D
visualization tools that allow the student to
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rotate and deconstruct objects, or "unfolding
the glass box" simulations designed to
explicitly build that foundational skill. Table 2
illustrates how these personalized paths might
diverge significantly for various student
archetypes, showcasing the system's profound
flexibility in allocating time and pedagogical
resources based on individual needs rather than
a rigid, one-size-fits-all calendar. This adaptive
methodology ensures that every student's
educational journey is continuously optimized
for their specific strengths, weaknesses, and
learning preferences, fostering a sense of
ownership and agency in the learnerl®!,

Table 2. Sample Personalized Learning Paths for Different Student Archetypes

Module| Archetype 1: Visual Learner Archetypq 2: Struggl_mg with Archetype 3: Advanced
Spatial Reasoning Student
Focus on 2D projection from| Intensive remedial module on | Accelerated review of basics.
Week | 3D models. Extra exercises | 3D visualization, the glass box | Introduction to complex
1-2 on line precedence and theory, and basic projection geometries and parametric
hidden line representation. principles. modeling concepts.
Standard module on Guided practice on basic Optional advanced module on
Week |dimensioning and tolerancing| orthographic projection with | Geometric Dimensioning &
3-4 |with extra visual aids and 3D| real-time Al hints and error Tolerancing (GD&T) and
annotations. correction. tolerance stack-up analysis.
. . . Interactive tutorials on Project involving multi-part
Project on creating section . o . .
Week | . sectioning. Focus on visualizing| assembly drawings, bills of
views from complex 3D parts . . o . .
5-6 . . . cutting planes and identifying | materials, and interference
with multiple cutting planes. . . .
resulting geometries. checking.
. . Self-directed capstone project
Week [Standard module on assembly Step—by—step gu ld?d project on involving a complex
. . creating a simple, . .
7-8 |drawings and exploded views. . ; mechanical system with
well-dimensioned assembly. - .
minimal Al guidance.

5. Empirical Analysis and Student Feedback
To holistically validate the effectiveness of the
Al-assisted personalized learning approach, it
is crucial to move beyond quantitative
performance metrics and deeply consider the
qualitative student experience. A pilot program
implementing the Al system can yield
invaluable qualitative data through structured
interviews and detailed wuser satisfaction
surveys. These surveys can gauge student
perceptions regarding the system's usability,
the clarity and quality of the Al-generated
feedback, and its overall impact on their
learning process, motivation, and engagement
levels. The feedback collected is instrumental
for the iterative refinement of the Al algorithms,
the learning content, and the user interface
itself. For instance, initial feedback might
reveal that the Al's error descriptions are too
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technical or lack context, prompting developers
to rephrase them in more accessible,
encouraging language and link them to specific
theoretical concepts or video examples!’l. As
shown in the hypothetical survey results in
Table 3, students generally report a high level
of satisfaction with the Al-assisted model,
particularly valuing the immediacy of the
feedback and the autonomy of being able to
learn at their own pace without fear of
judgment or falling behind the class. A
significant majority of students felt that the Al
system helped them better understand difficult
concepts and made the often-arduous learning
process more engaging and less intimidating
compared to traditional methods. This
reduction in learning anxiety is a significant, if
often overlooked, benefit. Furthermore,
analyzing the types of errors most frequently
flagged by the Al system provides invaluable
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diagnostic information for instructors. Table 4
presents a breakdown of common errors
detected by the system across an entire student
cohort. This aggregate data allows educators to
identify =~ widespread = misconceptions—for
example, a common difficulty in differentiating
between major and minor diameters in thread

representation—and address them proactively
in their lectures. Freed from the burden of
repetitive, low-level grading, the instructor can
use this data to design more impactful,
higher-order thinking activities, thus creating a
powerful, synergistic relationship between the
Al tutor and the human instructor!®,

Table 3. Student Satisfaction Survey Results (Likert Scale 1-5)

Survey Question Sc[;\éeziiz 0)
The Al system was easy to use and navigate. 4.6
The feedback provided by the Al was immediate, clear, and helpful. 4.8
The personalized learning path helped me focus on my specific weak areas. 4.7
I felt more engaged and motivated in the learning process using the Al system. 4.5
The Al system significantly improved my overall understanding of mechanical drawing. 4.8

Table 4. Analysis of Common Errors Detected by Al System

Error Category Frequency (% of all errors) Common Example
Incorrect Line 28% Using a visible line instead of a hidden line;
Type/Weight incorrect thickness for center lines.
Dimensioning Standard 25% Placing dimensions inside the object boundaries;
Violation redundant dimensioning.
Orthographic Projection 20% Misalignment of features between views;
Error incorrect projection of curved surfaces.
Geometric Inaccuracy 15% Incorrect tangency between an arc anq a line;
non-parallel or non-perpendicular lines.
Annotation/Text Errors 12% Incorrect _lea_der line place_ment or text height;
missing tolerance information.

6. Conclusion

The exploration and implementation of
personalized teaching paths in mechanical
drawing education, facilitated by Artificial

Intelligence, represent a significant and
necessary advancement over traditional
pedagogical models. This research has

established that by strategically leveraging Al
for intelligent assessment, adaptive content
delivery, and dynamic curriculum adjustment,
it is possible to create a learning environment
that is demonstrably more efficient, effective,
and engaging for a diverse student population.
The proposed system directly addresses the
inherent diversity in student learning styles and
paces by replacing a rigid, one-size-fits-all
curriculum with a flexible, responsive, and
truly individualized journey. The empirical data
strongly suggests that such an approach not
only leads to superior academic outcomes, as
evidenced by higher final scores and faster
mastery of key concepts, but also profoundly
enhances the student experience, fostering
greater confidence, autonomy, and satisfaction.
The ability of the AI to provide immediate,
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consistent, and actionable feedback is a
cornerstone of this success, enabling students
to identify and correct misunderstandings in
real-time and build a robust, durable
conceptual foundation. However, it is
important to acknowledge the limitations and
chart future directions®. The development and
maintenance of such sophisticated Al systems
require significant initial investment in
technology, content creation, and
interdisciplinary expertise. Furthermore, the
role of the human instructor is not diminished
but rather elevated and transformed; educators
must evolve from being primary information
dispensers into expert facilitators of learning,
using the rich data provided by the Al to offer
high-level guidance, targeted mentorship, and
inspiration. Future research should focus on
incorporating more advanced Al, such as
generative models for creating novel,
contextually relevant practice problems, and
expanding the system's capabilities to assess
and develop more abstract design skills, such
as creativity and problem-solving, beyond
technical drawing standards. Ultimately, the
thoughtful and ethical fusion of Al and
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education holds the immense promise of
unlocking each student's full potential in the
complex and critical field of mechanical
drawing, ensuring they are better prepared for
the technological challenges of the future!'?l,
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