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Artificial intelligence (Al) offers a powerful approach to analyze teaching and
learning data, which has brought the promising field of Al in education
(AIEd) and, particularly, opened new opportunities, potentials and challenges
for higher education. The capability of Al has made AIEd widely sought-
after as an accurate and efficient approach to predict learning performance
while designing teaching strategy. However, it remains challengeable to obtain
customized higher education to fit specific requirements of students and
satisfy their personalized needs. Recent development in Al algorithms has
made it possible to realize automatic update of students’ learning performance
information, i.e., performance-informed Al (PI-Al). Here, this study first overviews
the debut and recent development of Al in higher education, highlighting
the PI-Al strategy to maximize teaching and learning performance. Next, we
specifically develop a learning effectiveness-informed genetic programming
(LEI-GP) model to showcase the application of PI-Al in a case study of a higher
ocean engineering course, building on the experimental results of our study,
which demonstrated that the LEI-GP model's accuracy in predicting student
performance is reasonable, with a maximum Mean Absolute Error (MAE) of
5%. The emerging LEI-GP model is updated with the physiological data of
students in learning, which is connected to a high-performance chip system to
address the learning data in a real-time wireless manner. Eventually, we provide
insights into the PI-Al in propelling real-life customized higher ocean engineering
education. PI-Al is an emerging scientific direction in AIEd, which is expected to
balance the dilemma between the generalized and customized learning in higher
engineering education and address the concern on the design and optimization
of its instructional design and teaching strategy.

KEYWORDS

customized higher education, performance-informed artificial intelligence (PI-Al),
learning effectiveness-informed genetic programming (LEI-GP), teaching and learning
performance, Al in education (AIEd)

Introduction

Artificial intelligence (AI), referring to intelligent machines that attempt to mimic
human cognition, has been extensively used as a complementary paradigm to address the
complex problems that are difficult, if not impossible, to solve using the conventional
approaches (Segal, 2019). AI in education (AIEd) has been a prospect field due to the
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rapid development of computing and information processing
techniques, which has led to the debuts of adaptive learning
systems, intelligent tutoring systems, human-computer
interactions and teaching robots in recent years (Ouyang and
Jiao, 2021). Al plays a key role in facilitating new paradigms for
instructional design, technological development and education
research as it is a powerful tool to analyze teaching and learning
data in a real-time manner (Chen et al., 2020a,b; Ouyang et al.,
2022a). AIEd has opened new opportunities, potentials and
challenges for science, technology, engineering and mathematics
(STEM) education (Ouyang et al., 2022b), which has undergone
the paradigmatic shifts from the initial Al-directed learner-
as-recipient, to later Al-supported learner-as-collaborator, and
currently Al-empowered learner-as-leader (Ouyang and Jiao,
2021; Starci¢, 2019; Riedl, 2019; Hwang et al., 2020). In this latter
paradigm, AI enables learners to take on a more autonomous and
proactive role in their education, where they are not only recipients
of knowledge but also actively guide their learning process and
make personalized decisions based on real-time feedback and data
analysis (Hwang et al., 2020). The Al-directed and Al-supported
models have been reported as accurate and efficient approaches
to predict learning performance while designing teaching strategy
(Ouyang et al., 2023). For example, a genetic programming (GP)
model was developed to predict the teaching effectiveness and
learning performance of the college students in ocean engineering
(Jiao et al., 2022). Al tool was reported to analyze the discussion
patterns, perceptions, and preferences of students in a massive open
online course (MOOC; Ouyang et al., 2020). However, offering
precise, personalized learning pathways and support for each
student in engineering education remains challenging. Traditional
Al in education refers to systems that operate based on fixed rules
or logic to make decisions (Tang et al., 2021; Luckin and Holmes,
2016). These systems rely on a few static input variables (e.g.,
key learning indicators such as student background, classroom
participation, and assignment scores) to predict individual learning
performance, but this approach fails to effectively utilize real-time
physiological and behavioral data during the learning process,
neglecting individual differences among students and leading to
suboptimal personalized learning outcomes (Ouyang and Jiao,
2021; Wang et al., 2024; Yang et al., 2021).

Performance-informed AI (PI-AI) is a personalized AI system
designed to continuously update students’ learning performance
in real-time by integrating physiological data, such as biosensor
readings (Antoniou et al., 2020; McNeal et al, 2020), with
advanced AI models (Chen et al., 2022; Deeva et al., 2021). The
emerging PI-AI strategy is designed with a variety of biosensors
to collect physiological data of students in learning (Giannakos
et al, 2019), a high-performance chip system to address the
learning data in a real-time wireless manner (Mountrakis and
Triantakonstantis, 2012), and an AI model that can be updated
with respect to the learning data (Jiao et al., 2022). This approach
ensures that each student’s progress is closely tracked and adjusted
in real-time, offering more tailored and effective learning than
traditional systems relying on static inputs. PI-AI is envisioned
as an emerging scientific direction in AIEd, which can balance
the dilemma between the inaccuracy of generalized learning and
the low efficiency of customized learning. In addition, PI-AI
can address the concern on the design and optimization of
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instructional design and teaching strategy in higher engineering
education. However, few studies have systematically examined to
discuss this emerging research direction, neither has PI-Al strategy
been reported to showcase its outcome and advantage in higher
engineering education.

Here, this study first discusses the main characteristics of Al in
higher engineering education, and then overviews the debut and
recent development of PI-AI while summarizing its application
paradigms to maximize teaching and learning performance. PI-AI
systems are particularly discussed in the contexts of integrating
with various biosensors, developing wireless chips to real-time
analyze monitoring data, and automatically updating AT models by
the learning data to conduct customized teaching. To showcase the
application of PI-AI in higher engineering education, we develop
the learning effectiveness-informed genetic programming (LEI-
GP) system for Smart Marine Metastructures—a higher ocean
engineering course that the author offered at one of the top
universities in China, aiming to examine how effectively the LEI-
GP model can predict student performance in real-time learning
environments using biometric and behavioral data. Most existing
Al models in education are often static and fail to utilize real-
time physiological and behavioral data fully. In contrast, the
emerging LEI-GP model integrates learning effectiveness with
genetic programming to update in real-time using physiological
data collected from students during learning, connecting to a
high-performance chip system that enables wireless processing
of this data, thus allowing for more personalized, accurate
predictions of learning outcomes. Eventually, we provide insights
into the PI-AI strategy in propelling real-life customized higher
engineering education.

Artificial intelligence in higher
education from an engineering
perspective

After AI demonstrated its power in data processing and
analysis, AIEd has debuted as a powerful tool nearly three decades
ago, expanding to achieve new paradigms in higher engineering
education such as instructional design, technological development
and education research (Chen et al., 2020b; Baker, 2000). Figure 1
demonstrates the current progress of AIEd. Figure la summarizes
the overall AIEd that is generalized for all subjects. Performance
prediction and education design are two major directions of recent
AIEd, including teaching performance and learning effectiveness
predictions for the former, and instructional and teaching strategy
optimizations for the latter. Data methods and AI algorithms are
two main foundations for the development and applications of
AIEd. Until now, various Al algorithms have been used to create
intelligent teaching and learning environments for performance
prediction, behavior detection or learning recommendation, such
as natural language processing (NLP; Litman, 2016), machine
learning (ML; Alenezi and Faisal, 2020), deep learning (DL;
Perrotta and Selwyn, 2019), artificial neural networks (ANNS;
Okewu et al., 2021), etc. For example, a GP model was developed
to predict the learning effectiveness of graduate students in a
higher ocean engineering course (Jiao et al., 2022). The authors
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obtained a quantitative relationship between the key input variables
in learning and the output variable of learning effectiveness. An Al
evaluation model was developed for sports teaching using the NN
algorithms for data training and analysis (Zhang, 2021). The author
particularly introduced a new decoder to perform data processing
and a simplified gated NN internal structure diagram to build the
internal structure of the model.

Comparing with the AIEd models in other fields, AI in higher
engineering education exhibits the uniqueness mainly due to
its engineering-related characteristics and application scenarios.
Figure 1b demonstrates the current development of Al in higher
engineering education from the two aspects of prediction and
design as well. However, the engineering applications leads to the
fact that Al needs to focus on the specific prerequisite knowledge,
training objects, application requirements, etc. As a consequence,
Al in higher engineering education requires personalized learning,
weakening the role of instructors, and depending on data-based
and -driven educational hardware systems (Bajaj and Sharma,
2018), which is expected to provide higher engineering education
with new opportunities, potentials and challenges (Zawacki-Richter
et al., 2019; Popenici and Kerr, 2017; Hinojo-Lucena et al., 2019).
However, the application of Al in higher engineering education is
still at the early stage, which results in the issues of understanding
how to integrate Al with the advanced sensing technologies and
to what extent the use of Al technologies influence learning and
instruction (Ouyang and Jiao, 2021; Kabra and Bichkar, 2011; Khan
and Ghosh, 2021).
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Al in higher engineering education faces the challenges in
customizing the data-driven technology, such as answering the
questions of how to clarify and meet learners’ needs, what
to provide to learners, when and how to empower learners’
capability of own learning, etc. (Sekeroglu et al., 2019). Although
Al significantly empowers advanced information processing and
computing technologies, good educational outcomes and high-
quality learning do not necessarily come along (Albreiki et al,
2021). This is because higher engineering education typically
requires time-dependently individual monitoring and analysis,
rather than simply applying the existing AI tools (Ouyang, 2023).
To this end, we propose PI-AI and particularly develop the LEI-
GP model as a case study in a higher ocean course, demonstrating
the practice, research and development of the next-generation Al
system in higher engineering education.

Emerging performance-informed
artificial intelligence (PI-Al)

Improving traditional instructor-dominated classrooms, AIEd
has successfully established the new learner-centralized paradigms
in higher engineering education. However, AIEd has been facing
the crucial challenges in updating student performance with time,
customizing the unique needs of individuals, accurately identifying
the key factors (i.e., input variables) in teaching, and requiring a
large amount of raw data. Current physics-informed AI models
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have mainly been reported in engineering or management-related
research fields (Karniadakis et al., 2021; Raabe et al., 2023, 2019).
For example, the physics-informed NN model was developed to
solve complex nonlinearly partial differential equations in heat
transfer (Zobeiry and Humfeld, 2021). The informed AI (IAI)
was reported by integrating human domain knowledge into Al to
develop effective and reliable data labeling and modeling processes
for social media datasets (Johnson et al., 2022). However, lack of
study has been carried out on physics-informed Al in education.
To address such research gap, here we present PI-Al to enable
customized higher ocean engineering education. Taking advantage
of predefined instructions between input and output variables, PI-
Al is the prediction and design strategy that can be automatically
updated for each student in every class hour, improve the accuracy
and efficiency while reducing the need for large amount of raw data.

Figure 2 systematically demonstrates the evolutionary shifting
of Al strategies for learning performance prediction in higher
engineering education. The trajectory starts with the initial static
AT prediction models: these models rely solely on fixed historical
learning data (such as past semester exam results and overall
homework scores) and cannot be updated with the dynamic
changes of students’ learning processes. This limitation leads
to a gradual decline in prediction accuracy as the teaching
process progresses, failing to meet the needs of real-time teaching
adjustment. Subsequently, the recent dynamic AI prediction
models introduce class hour-based correction mechanisms. They
integrate cumulative learning data from each class hour (e.g.,
in-class test scores, group discussion participation rates) to
adjust prediction results. However, these models ignore the
individual differences in students’ learning rhythms and real-time
status, thus unable to achieve personalized learning support. The
emerging time-dependently individual PI-AI models represent a
breakthrough in addressing the customization challenge of higher
engineering education. PI-Al realizes automatic update of students’
learning performance information by sensing key individual
performance indicators in different class hours. The key sensing
inputs include physiological variations (skin temperature, heart
beat deviations) and posture parameters (relative body movements,
pupil fluctuations; see Table 1 for specific parameter ranges and
measurement methods). These real-time data are transmitted to
a high-performance chip system for wireless real-time processing,
ensuring that the PI-AI model can dynamically adjust its prediction
logic based on each student’s instant learning status. In practical
application, the PI-AI model expands the function of existing Al
prediction models by incorporating real-time sensing data. For
example, in higher ocean engineering courses, it can accurately
predict each student’s learning effectiveness at every class hour,
with a prediction deviation controlled within a reasonable range.
This accurate prediction further supports the optimization of
course design—such as adjusting the difficulty of knowledge points
in subsequent classes according to students’ real-time mastery—
and the customization of teaching strategies, such as providing
targeted guidance for students with low real-time performance.
Compared with static and traditional dynamic AI models, PI-
AT effectively balances the dilemma between generalized and
customized learning in higher engineering education, making it
a core technical support for the development of AIEd in higher
engineering fields.
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Learning effectiveness-informed
genetic programming (LEI-GP): a case
study from higher ocean engineering
course

To showcase the application of PI-AI in higher engineering
education, here we develop a learning effectiveness-informed
genetic programming (LEI-GP) model to showcase the customized
prediction (i.e., updated with students and class hours) in a higher
ocean engineering course. The time-dependently individual LEI-
GP model is developed based on Smart Marine Metastructures—a
course offered by the author in Spring semester (32h 2 credits in 8
weeks) at Zhejiang University, China. In particular, the course was
offered as online-and-offline hybrid, where the online classroom
was built on the DingTalk (Zoom-like platform in China) and
the blackboard online platform (XueZaiZheDa http://course.zju.
edu.cn/). The participants included 35 full-time master and PhD
candidates in the Ocean College at the university, who were all
Chinese aged from 22 to 27 years old with the gender distribution
of male-to-female as 24:11. The key performance of the students
is characterized into the two groups of sensing and educational
inputs. The former is further classified into five categories (i.e.,
the prerequisite, participation, procedural performance, summative
performance and knowledge acquisition) and the latter is classified
into the skin temperature and heart beat deviations in physiological
variations and relative body and pupil movements in postures. The
output variable is defined as the learning effectiveness Lrn,g of
the graduate students in the course, as listed in Table 1. Previous
study reported the GP prediction model to define the relationship
between the educational inputs and learning effectiveness as (Jiao
etal., 2022),

PKbg > Parcjass; Pargroup, Perfyis, Perfurites Per]&)rez»
——

rerequisite participation rocedural per)
Lrngg = foau | 7 p perf
Perfom > KAgy

summative perf knowledge

1
where f.4, represents the highly nonlinear objective function
between the inputs and output. As a branch of the evolution
algorithms that has high model transparency and knowledge
extraction, GP can establish quantitatively nonlinear relationships
for complex phenomena. Comparing with other “black box”
algorithms such as ML, DL, DNN, etc., GP provides the quantitative
relationships that can be further expanded or updated for
different purposes. The detailed comparisons between the LEI-
GP model and other models, as well as the detailed individual
gene expressions, are provided in Sections 1 and 2 of Appendix A
(Experiments and Methods), respectively. The simplified GP model
was eventually given as (Jiao et al., 2022),

104200 cos(Perfsum )
3
P e"f dis

+7.1cos (cos (m»cos(mkn cos(Petfuum))

—676.4cos (cos (log (Parcluss)))ws(Perﬁm)
—0.9KAy, cos (cos (log (KAk,,))) cos (KAg,)
+0.7Par s cos (KAy,,)
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Strategy shifting of Al models for learning performance prediction in higher engineering education. It illustrates the evolutionary trajectory of
Al-based strategies for predicting student learning performance and supporting teaching optimization in higher engineering education, spanning
three key developmental stages: (a) initial static Al prediction models: These models lack the capability of temporal update, relying on fixed historical
learning data for one-time prediction. (b) Recent dynamic Al prediction models: compared with static models, these models introduce class
hour-based correction mechanisms. (c) Emerging time-dependently individual Performance-Informed Al (PI-Al) models: these models achieve
real-time adaptive updates by sensing key individual performance indicators across different class hours.
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TABLE 1 Input and output variables in the LEI-GP model.

10.3389/feduc.2025.1664069

Role Type Variable Symbol
Sensing inputs Physiological variation (1) Skin temperature deviation STy
(2) Heart beat deviation HBy
Posture (3) Relative body movement POS,,,
(4) Relative pupil movement POSym
Educational inputs Prerequisite knowledge (5) Background PKpy
Participation frequency (6) In class discussions Par s
(7) In group discussions Pargou
Procedural performance (8) Discussion Perfy;s
(9) Write-up Perfirite
(10) Presentation Perfyre:
Summative performance (11) Instructor summative evaluation Perfoum
Knowledge acquisition (12) Self-evaluation after the course KAy,
Output Learning effectiveness (1) Learning performance effectiveness Lrng

however, Equation 2 is a static relationship as the input variables
are constant over the entire class (i.e., the inputs cannot be easily
updated over time).

To address this issue, we develop the LEI-GP model by
expanding the existing GP model with the real-time data collected
by various biosensors (i.e., the sensing inputs in Table 1). The
experimental reproducibility and scalability are provided in
Sections 3 and 4 of Appendix A (Experiments and Methods).
Using Equation 2 as the predefined learning effectiveness, the time-
dependently individual LEI-GP model is obtained by updating
with the sensing inputs of individual students in the physiological
variation and posture. In particular, the LEI-GP model extends
the existing GP model by incorporating sensing inputs (i.e.,
ST4, HBg, POS;1, POSpy), which are automatically updated over
class hours t. As a consequence, the LEI-GP model takes into
account of the behavior of student in each class as:

PKbg > Parlass, Pargroup;
————
prerequsite participation

Perfis, Perfirites Perﬁ)rez,

procedural perf

Petfum » KAy, ,STS,HBS,
—— ~ ——_—
summative perf knowledge  physiology
POS},,, POSy
—
posture

LEI — GPy, = fou, (1 <i<m),

(3)
32 is the class hour, STg,HBZ,POS?,,,,POS;mare
automatically updated with class hours ¢.

where m =

Taking class hour 1 as an example, the LEI-GP model
was constructed. Initially, students’ static data were collected
via questionnaires as educational inputs. Subsequently, dynamic
physiological data during class hour 1 were extracted. All data
were then input into the GP model for real-time iterative updates.
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Therefore, the prediction model of class hour 2 is given as:

104200cos(Perfsym)
LEI — GPy, = 7545 — 6.5¢0s(Perfyrez) — 1220027 )

cos(KAgy, cos(Perfsum)) *
+7.1cos (cos (\/ITbg))

—676.4cos (cos (log ( parclass)))COS(Perfpm)
—0.9KAyycos (cos (log (KAyy))) cos (KAky)
+0.7Parjasc0s(KAky)

HB;I
s\ €08\ 0
+1.2l0g(KAg, + 1)cos (2—g>

“)

30

<Pos’1m >
cos
+2cos(Parj4s) cos (log (POS?,,, + 1))

Figure 3a presents the development procedures of the LEI-
GP model, which extends the existing GP model to customized
higher engineering education by incorporating sensing inputs
(i.e., STy, HBg4, POS,, POSpp) that are automatically updated over
class hours t. Figure 3b depicts how the PI-AI system collects
real-time behavioral data from students through various sensors.
The wearable biosensors include a wireless transmission module
interfacing with the chip system, which transmits physiological
data—such as heart rate and posture—via a cloud interface for
immediate analysis. Based on this data, the AI model continuously
updates to deliver personalized instructional interventions and
customized learning support.

Figures 4a—e illustrate the input data used to predict student
learning effectiveness during class hour 2, comprising eight
educational inputs and four sensing inputs. Note that Pargy,,,, and
Perfyyrite are omitted due to their similarity in the learning data.
All input scores were normalized to a maximum of 100 points to
ensure that the effects of certain variables were not diminished.
Additionally, Figure 4f presents a comparison of the predicted
student learning effectiveness for the class hour 2 generated by
the LEI-GP and GP models, as well as the actual student scores
obtained during the class hour 2. Compared with the GP model,
the time-dependent LEI-GP model demonstrates higher prediction

frontiersin.org
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accuracy in learning effectiveness, as it incorporates updates based
on performance data from the previous class hour.

Roadmap and future trends for PI-Al

Physics-informed AI has been applied in a variety of research
directions in engineering and materials science (Karniadakis et al.,
20215 Raabe et al., 2023); however, PI-AI in higher engineering
education has just debuted and an obvious gap exists between the
algorithms and education theories. This leads to the development
direction of combining PI-AI with these theories. For example,
the LEI-GP model in Equations 3, 4 expands the GP prediction
model in Equation 2 by considering the in-class behavior of every
student in each class. The output learning effectiveness is a time-
dependently individual value, which need to be analyzed based
on educational theories in the field of engineering (Ouyang and
Jiao, 2021). Therefore, addressing the higher engineering education
issues by PI-AI not only requires the development of sensing
devices to collect teaching and learning data and AI algorithms
to identify the quantitative relationships behind those data, but
also the integration of the technologies with educational principles
and theories (Chen et al., 2020b). It is essential to examine the
suitability of Al algorithms in higher engineering education, while,
more importantly, adjusting Al based on the existing educational
and learning theories. As a consequence, Al needs to be tightly
connected with those theories to achieve customized instructional
design and technological development with higher accuracy
(Pinkwart, 2016). Comparing with the massive applications of the
existing Al algorithms in higher engineering education; however,
inadequate studies have been conducted to explore the personalized
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functionality, improve the accuracy and efficiency, and expand
the applicability.

The role of students in learning is another perspective that need
to be considered in the PI-Al strategy. Previous study indicated that
the development trends of AI in high engineering education has
been shifted from Paradigm 1 Al-directed, learner-as-recipient to
Paradigm 2 Al-supported, learner-as-collaborator, which leads to
Paradigm 3 Al-empowered, learner-as-leader that deeply integrates
human and AI?. Multidimensional attributors, multimodal data
collection and real-time modeling are essential to facilitate
PI-AI toward paradigm three. In particular, multidimensional
attributors enrich the prediction and evaluation accuracy of
learning effectiveness. Multimodal data collection enables the
richness and complexity of human learning to be better interpreted,
evidenced and supported. It is worthwhile to note that applying
advanced sensing techniques and AI algorithms can improve the
prediction accuracy of students’ learning effectiveness; however,
it does not necessarily guarantee the improvement of learning
effectiveness in higher engineering education. Instead, educational
theories are needed to conduct the role shifting of students from
Paradigm 1 to Paradigm 3. If the traditional paradigm of education
remains, students will not be empowered to take agency for their
own learning, e.g., students are not informed with how their data
are used and for what purpose or their needs and learning goals are
not considered.

Engineering characteristics of the course need to be considered
in the PI-AI model. For example, the difference between courses
may lead to certain difference in the GP model. To this end, it
is necessary to improve PI-AI algorithms and, more importantly,
bring the characteristics of various courses into PI-AL It is
crucial to emphasize the integration of the pedagogical, social,
cultural and economic dimensions in the application processes
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https://doi.org/10.3389/feduc.2025.1664069
https://www.frontiersin.org/journals/education
https://www.frontiersin.org

Lv et al. 10.3389/feduc.2025.1664069
a 100 b 150
2 " PKp, 4 Perfy,
2 100 a a a &
=1 o s mgT ] Y A
g 50 1 L “an ..--| =} L - T g_ sp 1 A i’ PN
— — 50 £ A A A VRN
g © T 4 4 A
o A
A il I = ARl A0
= 0 g 0
-_g ° Par‘c:lass E 4 perfprez
D100 S eqe0 SO COT000cq00e 0,999 o 4 100 4 " i
S *
B
= 50 7 50 7
0 — . . i 0 . . | .
0O 5 10 15 20 25 30 35 0O 5 10 15 20 25 30 35
Student number Student number
C 150 d 150
s v Perfy,m © STq
— |- B - @O P o, @ -
o 100[ v, - v, 100[ ee%e o o
@ v  |YV]Y Vv v V| [vY Yo
>
w 50T 1 %>,; 50 [ 1
S o ] : © 0
@ £ ©HB
@ * KA, S d
1001 b 100 ¢ o 4
o° * * %% O *
i;.) o | |®9 R “0 ¢ ’0‘ o“... 0% ‘. ..0.. < °.9 o% ®
o 501 b 50 I 1
=
~
o — I L 0 . . | . . | . .
0O 5 10 15 20 25 30 35 0 5 10 15 20 25 30 35
Student number Student number
e 150 f N ey
® POSim | wi100f & E}E,I — GP » Grades in
- 1l o class hour 2
100 ° c * *
o ce ©% 00 g ¥ = 2 i
e @ © e © * P * P e * *
50 o ° °® e 1 8 x O% 4 # o
o . . le & 9or o Xio* 4 ac
2 T b Tl TT\ G |Mean, “a o 4% o %
% o[ : : : ! [ 6 & kel A K AR
o e c x® - SIA
o POSpm | = S Fo o ° 0 ©
o R A rS °
= CIREY ok i *
100[ e 18 8o 2 4 2 x
* i * — : 2 %x 2ieg i~ ¥
e o @ ° ® e o H g " o iy
- @ - H
p i i
@ @ H i
0 .‘ T .? L T T L ‘ I 70 RERES FEEREH R i
0O 5 10 15 20 25 30 35 40 0 5 10 15 20 25 30 35
Student number Student number
FIGURE 4
The input data and prediction outcomes of the time-dependently LEI-GP model during class hour 2. (a—e) The input data used to predict student
learning effectiveness during class hour 2, comprising eight educational inputs and four sensing inputs. (f) Comparison of the predicted student
learning effectiveness for the class hour 2 generated by the LEI-GP and GP models, as well as the actual student scores obtained during the class
hour 2.

of PI-AI rather than a simple implementation of AI technology.
Expanding the existing educational theories, researchers can derive
new interpretations or ideas can be derived on the pedagogy
and learning sciences of PI-AI in higher engineering education.
Comparing with its AI peers, PI-AI has potential to further
stimulate and advance instructional and learning sciences, which,
in turn, would offer performance-informed opportunities to
improve learning effectiveness. The future development of PI-AI
must lead to the iterative development of the learner-centered,
data-driven, personalized learning in the current knowledge age.
Overall, the next-generation PI-AI will be benefited from the
deep integration of human and machine intelligence, i.e., taking
advantage of technological advances of AI while fully integrating
human cognition, thinking and reflective judgments.
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In recent years, the rise of large language models (LLMs),
including ChatGPT, has led to their increasing application
in education. LLMs are transforming traditional teaching and
assessment models by providing instant feedback and generating
teaching materials (Khodadad, 2025). In this context, Performance-
Informed AI (PI-AI), as an emerging educational technology,
can predict learning outcomes through the real-time collection
and analysis of students’ physiological data. The impact of LLMs
on teaching is profound. They not only function as virtual
tutors providing instant Q&A support, but also help students
better understand complex academic concepts. Furthermore, LLMs
enhance student motivation and engagement, particularly in
remote learning and online education environments. However,
despite their numerous advantages, there are some inherent risks
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(Nikolic et al, 2023). For example, LLMs may generate false
or inaccurate information, potentially leading students to rely
on incorrect data unknowingly. Additionally, the use of LLMs
could raise academic integrity concerns, such as students using
LLMs to complete assignments or exams. To address these issues,
we recommend strengthening the management of LLM usage,
establishing appropriate policies, and implementing monitoring
mechanisms. Regarding the integration of PI-AI and LLMs, PI-
AT systems can dynamically sense students’ physiological data
(e.g., heart rate, eye movement, body temperature) and adjust
learning content and teaching strategies accordingly, thereby
enabling highly personalized learning experiences (Seibert et al.,
2025). In contrast, LLMs provide students with instant feedback,
tutoring, and problem-solving assistance. The synergy between
PI-AI and LLMs holds the potential to significantly enhance
teaching effectiveness and learning outcomes. By combining
PI-AI with LLMs, education can provide more personalized
and dynamic support, further advancing the development of
engineering education.

Conclusions

In this paper, we proposed performance-informed artificial
intelligence (PI-AI) for class design and learning effectiveness
prediction in higher engineering education. We discussed the
debut and recent development of AIEd, summarizing the
current achievements of Al in higher engineering education, and
highlighting the PI-AI strategy to maximize teaching and learning
performance. To showcase the application of PI-Al, we developed
the learning effectiveness-informed genetic programming (LEI-
GP) model to predict the learning effectiveness Lnr.g of Smart
Marine Metastructures—a graduate-level course offered by the
author in a Chinese top university. The time-dependent LEI-
GP model was updated by the physiological data of students
in learning in a real-time wireless manner, while taking into
account of the individual uniqueness of those students. Eventually,
we provided insights into the PI-AI strategy in propelling
real-life customized higher engineering education. The reported
PI-AI is an emerging scientific direction in AIEd, which is
expected to balance the dilemma between the generalized and
customized learning in STEM education and address the concern
on the design and optimization of its instructional design and
teaching strategy.
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