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PAPER

Enhancing Students’ Metacognition via AI-Driven 
Educational Support Systems

ABSTRACT
As the penetration of digital technology deepens and the demands for educational modern-
ization grow, attention is increasingly being drawn towards the application of artificial intel-
ligence (AI) in the field of education. Especially in educational practice, the optimization of 
students’ learning experiences and the enhancement of their metacognitive abilities through 
AI technology have captivated the interest of numerous educators and scholars. Metacognition, 
which represents a core skill in student self-regulation and self-management, has a significant 
impact on student learning outcomes and quality. However, current educational support sys-
tems primarily rely upon traditional methods of data collection and analysis, which have 
limitations in terms of real-time responsiveness, granularity, and comprehensiveness. The 
present research aims to investigate the integration of AI technology with a specific focus on 
the learning process through educational support systems and the development of a cooper-
ative teaching interaction model. This will ultimately enhance the development of students’ 
metacognitive abilities more effectively.

KEYWORDS
artificial intelligence (AI), educational support systems, metacognitive abilities, learning 
process monitoring, cooperative teaching

1	 INTRODUCTION

In the 21st century Information Age, the educational field has been presented 
with an unprecedented opportunity for transformation through the increasingly 
integrated use of digital technology and education [1–8]. Artificial intelligence (AI), 
identified as one of the most powerful technologies currently available, has been 
extensively utilized in various domains, with the field of education being particularly 
notable. Traditional educational methods frequently struggle to meet the require-
ments of modernized, personalized, and intelligent education, whereas the incorpo-
ration of AI technology is perceived to offer a more expansive developmental sphere 
for education [9–14]. Metacognition, a pivotal educational concept, represents the 
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capability of students for self-regulation, self-reflection, and self-management, play-
ing an indispensably critical role in their learning process [15, 16]. Thus, the integra-
tion of AI technology and metacognition, which explores how to enhance students’ 
metacognitive processes through AI educational support systems, undoubtedly con-
stitutes a valuable research topic.

The significance of metacognitive abilities in the learning process has been 
acknowledged by a broad spectrum of educators and scholars [17–20]. It not only 
serves as a driving force for student learning but also serves as a key for their 
self-monitoring and self-adjustment of the learning process. With the educational 
environment becoming increasingly complex and diverse, traditional teaching 
methods often fall short of satisfying the personalized needs of students. AI-based 
educational support systems, on the other hand, can offer a more personalized and 
intelligent learning experience, thereby promoting the development of their meta-
cognitive abilities. Furthermore, teachers can access more detailed and real-time 
student learning data through these systems, which provides a more scientific basis 
for making teaching decisions.

This research will explore the application of AI technology in optimizing stu-
dents’ metacognitive processes. Firstly, we thoroughly investigate technologies for 
monitoring the learning process based on AI educational support systems. This 
includes facial detection and recognition algorithms, micro-expression recognition 
algorithms, and head posture estimation algorithms. These algorithms can capture 
and analyze the learning states and emotional changes of students in real-time, 
providing valuable feedback for educators. Subsequently, a cooperative teaching 
interaction model has been designed to enhance student metacognitive processes. 
The aim of this model is to provide students with more precise and personalized 
feedback, thereby fostering the development of their metacognitive abilities. This 
research provides a new perspective and approach for educational practice while 
also establishing a strong foundation for future research on the integration of AI 
and education.

2	 LEARNING PROCESS MONITORING THROUGH AN AI-ASSISTED 
EDUCATIONAL SUPPORT SYSTEM

2.1	 Facial detection and recognition

One core value of the AI-assisted educational support system lies in providing 
educators with timely and accurate information regarding the learning statuses 
of students, thereby enabling more personalized and efficient teaching strategies.  
In this context, the monitoring functionality of the learning process becomes 
imperative. It is capable of capturing the students’ learning states in real time and 
providing essential feedback to educators. The facial detection and recognition 
algorithm introduced in this discourse plays an essential role in performing these 
functions.

Employing the Haar feature-based facial detection and recognition algorithm, 
a classic and efficient method, provides precise student facial information for the 
system, enabling further in-depth analysis. Initial feature extraction involves cap-
turing linear features that capture image brightness variations, edge features that 
aid in facial contour detection, central features that capture brightness variations 
in regions such as the eyes and nose, and object line features that assist in detecting 
facial linear structure. In the educational support system, capturing and identifying 
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these features ensures accurate student facial detection under varied environmental 
and lighting conditions.

Furthermore, the algorithm quickly and efficiently calculates the sum of all 
pixels above and to the left of each pixel position. This ensures smooth system 
performance and fast response times for real-time facial detection. Assuming the 
cumulative sum of the image in the row direction is represented by a(z, t), and the 
integral image is represented by uu(z, t), the construction process of the integral 
image is exhibited as:

	 uu z t t z t
z z t t

( , ) ( , )
,

� � �
�� ��� 	 (1)

	 a z t a z t u z t( , ) ( , ) ( , )� � �1 	 (2)
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Initialization is first undertaken, establishing a(z, -1) = 0 and uu(-1, u) = 0. Row 
scanning then ensues, with recursive calculations of the pixel (z, t) row direction 
cumulative sum a(z, t) based on formulas (2) and (3), and obtaining the sub-image 
uu(z, t) value based on equation (1). Proceeding according to the aforementioned 
steps, the integrated image uu can be constructed.

Figure 1 illustrates the diagram for pixel computation in the image area. The 
following formula provides the computational method for calculating the sum of 
pixels in F:

	 F uu uu uu uu
SU
� � � �( ) ( ) ( ( ) ( ))4 1 2 3 	 (4)

Further enhancement of aggressive classifiers is based on the AdaBoost algo-
rithm. The AdaBoost algorithm, an iterative method, is utilized to select and com-
bine multiple weak classifiers in order to construct a robust classifier. In facial 
detection, the system can effectively distinguish between facial and non-facial 
regions through the use of AdaBoost, while simultaneously minimizing false detec-
tion rates. Assuming the weak classifier is composed of a sub-window image z,  
a feature d, an inequality direction indicator o, and a threshold ϕ it is represented 
by g(z, d, o, ϕ). To accurately determine whether the monitoring image during the 
learning process is positively or negatively correlated, an optimal threshold needs 
to be established. This threshold characterizes the best classification effect when 
its value is minimized. Based on the following formula, an error value can be 
obtained. Presuming that the classification error value of each element is rep-
resented by “e,” where the total weight of all face samples is “y1” and the total 
weight of all non-face samples is “y0,” we can calculate the sum of the weights of 
the face samples before this element as “a1,” and the sum of the weights of the 
non-face samples before this element as “a0.” Based on these values, the following 
can be obtained:
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In order to further enhance computational efficiency, weak classifiers are orga-
nized into a cascading structure. This implies that in the early stages of detection, 
most non-facial regions will be swiftly eliminated, and only those regions that are 
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more likely to be facial will be transmitted to subsequent stages of the cascade. 
Assuming the detection rate of the cascade classifier is represented by F, the mis-
recognition rate of the cascade classifier is F, the number of layers of a cascaded 
detector is J, the detection rate of the strong classifier is f, and the misrecognition rate 
of the strong classifier is d, a more accurate expression for the cascaded detection 
classifier is:

	 f J = F,dJ = D	 (7)

Fig. 1. Pixel computation diagram of image area

2.2	 Design of micro-expression recognition

Due to the inherently brief and localized nature of micro-expressions, captur-
ing and identifying these subtle facial changes poses a significant challenge for 
algorithms, especially in an educational environment where micro-expressions 
serve as crucial indicators of students’ emotional, cognitive, and learning attitudes.  
To address this, a neural network equipped with a self-attention weighting module 
is employed in this study.

The self-attention mechanism allocates diverse weights to each segment of the 
input data. In the context of micro-expression recognition, this implies that the net-
work can autonomously identify facial regions that are critical for micro-expressions, 
thereby recognizing them and assigning higher weights to them. This allows the 
model to focus on significant changes in microexpressions, enhancing recognition 
precision. The dynamic variations in microexpressions involve temporal sequence 
data, which can be processed by the self-attention mechanism. This mechanism is 
capable of identifying and correlating key features at different time points, allow-
ing it to effectively capture instantaneous changes in micro-expressions. The self- 
attention importance weighting module assumes that the facial features of B images 
are represented by DD = [z1, z2, …, zB] ∈ EF × B. It takes DD as input and outputs the 
importance-weighted results of each feature. Supposing the importance value weight 
of the uth sample is represented by ∝u, the parameters for the fully connected (FC) 
layer used for attention are given by QY

s, and the sigmoid function is denoted by δ,  
the module can be represented as follows:

	 � �
u s

Y
u
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To accurately calculate attention weights, the module utilizes a multi-class 
cross-entropy loss. The kth classifier is represented by Qk, as shown in the follow-
ing formula:
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Grade regularization, a crucial model constraint strategy, incorporates extra 
information or assumptions during neural network training to ensure that the 
model conforms to specific expected properties or structures. In the context of micro- 
expression recognition and the potential limitations of sample sizes in educational 
scenarios, grade regularization is implemented to restrict model complexity. This 
helps prevent overfitting to noise within the training data and enhances the gen-
eralizability of the model. Concurrently, grade regularization allows researchers 
to incorporate domain-expert knowledge or prior information into the model. The 
grade regularization module of the model utilizes grade regularization loss. The 
margin, denoted by σ1, can be a fixed hyperparameter or a learnable parameter. The 
average values of the high weight importance group and low weight importance 
group of α *B = L samples are represented by ∝G and ∝M, respectively. The total loss 
function, denoted as MAL = ε MEE + (1−ε)MSS, is given as:

	 M MAX
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Reannotation, a strategy that is gaining increasing attention in machine learning 
and AI research, is particularly useful in scenarios where data is scarce or anno-
tation costs are high. In the context of micro-expression recognition, a reannota-
tion module has been implemented to provide significant assistance in improving 
model performance and efficiency. This is due to the transient and subtle nature of 
micro-expressions, which makes manual annotation extremely challenging and can 
result in numerous inconsistencies or errors. The reannotation module can provide 
feedback based on model prediction results, helping to correct or optimize the origi-
nal data annotation and thus improving the overall quality of the dataset. Moreover, 
by combining the model’s prediction results with the original annotations, the rean-
notation module can provide more accurate and representative training samples for 
the model. This means that within the same training cycles, the model can achieve 
faster convergence and improved performance.

The reannotation module will compare the maximum prediction probability with 
the given label probability. If the label threshold for a given sample is lower than the 
maximum prediction probability, the sample will be reannotated with a pseudo- 
label. Assuming the new label is represented by t ′, the threshold is denoted by σ2, 
the maximum prediction probability is given by OMAX, and the prediction probability 
of the given label is represented by OGT. The original given label and the maximum 
prediction’s index values are respectively given by mOR and mMAX. The definition of 
the reannotation module is given by the following formula:

	 � �
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2.3	 Head pose estimation

Fig. 2. Structure of convolutional neural network

A convolutional neural network (CNN) algorithm is used for the task of head 
pose estimation, as shown in Figure 2. The application of CNNs in head pose esti-
mation primarily aims to capture the subtle head movements of students during 
the learning process. This enables a more accurate analysis of their attention, 
interest, and emotional state. The input layer receives facial images of students 
from cameras or other image sources. The convolutional layer, consisting of mul-
tiple kernels, scans the input image to extract features relevant to head pose. 
Through convolutional operations, the network is capable of identifying features 
in the image, such as edges, textures, and shapes. The pooling layer serves to 
reduce the dimensionality and computational load of the data while retaining 
essential feature information. Upon the foundation of features extracted by con-
volutional and pooling layers, the fully connected layer performs the final clas-
sification or regression task, accurately identifying the specific pose of the head. 
The output layer generates the parameters of the head pose, including yaw, pitch, 
and roll angles.

Once the facial images of students are captured by the camera, they are ini-
tially input into the network’s input layer. Within the convolutional layer, the 
image undergoes scanning by multiple convolutional kernels, each responsible 
for detecting a specific feature within the image. Through progressive convolu-
tion across layers, the network is capable of incrementally extracting head-form 
features from basic edges and texture features. After passing through the pooling 
layer and entering the fully connected layer, the network utilizes all the extracted 
feature information. Through a series of weights and bias parameters, it then 
generates predictions of head pose. Ultimately, the output layer presents specific 
parameter values of the head pose, which are utilized for analyzing student atten-
tion and emotional state.
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3	 ENHANCING STUDENTS’ METACOGNITIVE PROCESSES THROUGH 	
A COLLABORATIVE TEACHING INTERACTION MODEL

A collaborative teaching interaction model is formulated, which enables educa-
tors and AI systems to participate in joint instructional activities that are customized 
to meet the individual needs and progress of each student. Real-time analysis of 
student responses and progress is enabled by the AI system, which then provides 
feedback to educators, thus facilitating a more nuanced and personalized teaching 
approach. Metacognition, which refers to the process of thinking about one’s own 
thinking, specifically a student’s comprehension, evaluation, and adaptation of their 
own learning strategies, is significantly enhanced through the collaborative efforts 
of educators and AI. An attempt is made herein to construct a model in which both 
educators and AI teaching assistance systems collaborate in student instruction. 
Through and through this interaction, an enhancement of students’ metacognitive 
abilities is promoted.

Let the collaborative teaching knowledge stock of teacher R1 and AI teaching 
assistance system R2 be denoted by J1 and J2, respectively. The proportions of com-
plementary collaborative teaching knowledge in their teaching knowledge stock are 
represented by s1 and s2. Regarding the enhancement of students’ metacognitive 
abilities, the complementary collaborative teaching knowledge provided by Teacher 
R1 and the AI teaching assistance system R2 is represented by s1 J1 and s2 J2, respec-
tively. This forms a crucial foundation for establishing a collaborative teaching inter-
action relationship between educators and AI teaching assistance systems. Let the 
degree of misalignment of collaborative teaching knowledge between teacher R1 
and the AI teaching assistance system R2 be symbolized by O1 and O2 respectively. 
Consequently, the compatibility of collaborative teaching knowledge compatibility 
of teacher R1, who acts as the leading party in collaborative teaching knowledge, 
is represented by 1-O1. The compatibility of the AI teaching assistance system R2 is 
represented by 1-O2. Let ϕ1 and ϕ2 denote the energy efficiency coefficients of the 
collaborative teaching knowledge output of teacher R1 and AI teaching assistance 
system R2, respectively. Hence, the collaborative teaching knowledge output efficien-
cies of Teacher R1 and the AI teaching assistance system R2 are s2 J2(1-o1) ϕ1 and 
s2 J2(1-o2) ϕ2 respectively. Let the matching coefficients of the collaborative teaching 
knowledge of Teacher R1 and AI teaching assistance system R2 be represented by 
n11 and n22, respectively. Therefore, the matching inputs of the collaborative teach-
ing knowledge of teacher R1 and AI teaching assistance system R2 are s2 J2(1-o2)n21, 
respectively. primarily reflects the implicit relationship between the output capabil-
ity of collaborative teaching knowledge output capability and collaborative teach-
ing knowledge. Let the matching capability coefficients of teacher R1’s collaborative 
teaching knowledge and AI teaching assistance system R2 be symbolized by T1 and 
T2, respectively.

Teacher R1 and AI teaching assistant system R2 deploy collaborative interactive 
teaching, exhibiting complementarity in their knowledge of collaborative teaching. 
They are represented respectively by s1 J1(1-o1) and s2 J2(1-o2). The elasticity coef-
ficient of the knowledge stock in collaborative teaching impacts the synergy effect  
between them because the level of their relationship affects the collaborative 
effect of synergistic teaching knowledge. Let i1 and i2 respectively represent the 
elastic coefficients of the complementary synergistic teaching knowledge stock of 
Teacher R1 and AI teaching assistant system R2, where i1 > 0, i2 > 0, and i1 + i2 = 1.  
Let β12 represent the coefficient of the lead-assist level for Teacher R1 and  
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AI teaching assistant system R2. Consequently, the collaborative teaching 
knowledge they possess results in a synergistic energy efficiency expressed as 
β12[s1 J1(1-o1)]i1[s2 J2(1-o2)]i2. The respective synergistic energy efficiencies of collab-
orative teaching knowledge are represented by α1β12[s1 J1(1-o1)]i1[s2 J2(1-o2)]i2 and 
α2β12[s1 J1(1-o1)]i1[s2 J2(1-o2)]i2.

The premise for the interactive behavior in collaborative teaching between 
Teacher R1 and AI teaching assistant system R2 is that their collaborative teaching 
knowledge efficiency should be higher than the knowledge efficiency before the 
behavior occurs. Therefore, the following two inequalities are always assumed 
to be true:

	
� �
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This study defines the combinations of the collaborative teaching interaction 
strategies adopted by Teacher R1 and AI teaching assistant system R2 as follows: 
(active interaction strategy, active interaction strategy), (active interaction strategy, 
passive interaction strategy), (passive interaction strategy, active interaction strat-
egy), and (passive interaction strategy, passive interaction strategy). Assuming that 
the total efficiencies of Teacher R1 and AI teaching assistant system R2 under the 
respective strategy choices are represented by C11, C21, C12, C22, C13, and C23, the follow-
ing calculation formulas are applied:
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The analytical insights into the following expressions reveal:

1.	 When both Teacher R1 and the AI teaching assistant system R2 choose an active 
interaction strategy, their total efficiencies are represented as C11 and C21. 
Herein, the collaborative teaching knowledge output by Teacher R1 is s1 J1(1-o1), 
whereas the AI teaching assistant system R2 outputs a collaborative teaching 
knowledge of s2 J2(1-o2). The collaborative teaching knowledge output from 
one party can be matched with the collaborative teaching knowledge of the 
other party. The efficiency gained by Teacher R1 through collaborative teach-
ing knowledge interaction can be calculated using the formula s1 J1(1-o1)ϕ1 + 
s2 J2(1-o1)ε1 - s1 J1(1-o1)n11-s2 J2(1-o1)n12. Complementary collaborative teaching 
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knowledge is shared by both parties, thereby facilitating smooth interactions 
in collaborative teaching.

2.	 When Teacher R1 selects an active interaction strategy and AI teaching assistant 
system R2 chooses a passive interaction strategy, the corresponding total effi-
ciencies are denoted as C12 and C22. In this scenario, the collaborative teaching 
knowledge output by Teacher R1 is s1 J1(1-o1), while the AI teaching assistant sys-
tem R2 provides a collaborative teaching knowledge that is lower than s2 J2(1-o2). 
Consequently, Teacher R1 obtains a smaller amount of matchable collaborative 
teaching knowledge, and the value efficiency of collaborative teaching interac-
tions is not maximized without the participation of complementary collaborative 
teaching knowledge.

3.	 Upon selecting a passive interaction strategy, Teacher R1 and an active interac-
tion strategy, AI teaching assistant system R2, their respective efficiencies are 
denoted as C13 and C23. In this instance, the collaborative teaching knowledge 
output by Teacher R1 is less than s1 J1(1-o1), while the AI teaching assistant sys-
tem R2 outputs a collaborative teaching knowledge of s2 J2(1-o2). AI teaching 
assistant system R2 thus acquires a smaller amount of matchable collaborative 
teaching knowledge. Without the participation of complementary collaborative 
teaching knowledge, the parties do not obtain the maximum collaborative value 
efficiency.

4.	 When both Teacher R1 and AI teaching assistant system R2 select a passive inter-
action strategy, the efficiency of both will be even lower.

Further exploration of the inherent mechanisms and promotion mechanisms 
in the collaborative teaching interaction process between teachers and AI teaching 
assistant systems can be based on the above analysis. Firstly, both teachers and AI 
systems possess their own respective information advantages. Teachers, with their 
extensive experience and profound understanding of students, can deliver person-
alized and empathetic instruction. Meanwhile AI systems utilize data analysis and 
pattern recognition technologies to offer teachers timely and, accurate student learn-
ing data and analysis results. When information from both sources is integrated, 
teaching optimization can be achieved providing students with more targeted and 
personalized support.

4	 RESULTS AND ANALYSIS

A comparative experiment was designed to measure the satisfaction with col-
laborative teaching efficacy among groups A, B, and C of students, both with teach-
ers and AI systems. As observed in Figure 3, there is a significant difference in 
medium satisfaction between groups A and B, while high satisfaction levels seem 
to be relatively close. A significant number of students in group A maintain a more 
neutral stance towards the effects of collaborative teaching, although some express 
dissatisfaction. A significant disparity in satisfaction, particularly in the categories 
of fairly satisfied, is evident between groups B and C. Specifically, group B has a sig-
nificantly higher number of students at the very satisfied level compared to group C.  
On the other hand, group C has a higher number of students in the dissatisfied 
and somewhat dissatisfied satisfaction levels. By integrating data from all three 
groups, it becomes apparent that when teachers and AI systems collaborate in a 
reasonable manner, a majority of students have a satisfactory view of teaching 
outcomes. This implies that collaborative teaching by teachers and AI systems can 
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optimize students’ learning processes and enhance their satisfaction with learning.  
Nonetheless, attention must be given to a segment of students who express dis-
satisfaction, suggesting a potential need for further research and optimization of 
collaborative teaching strategies to meet the learning needs of a broader student 
population.

Fig. 3. Comparative graph of collaborative teaching efficacy satisfaction between roups A, B, and groups B, C

Table 1. Detailed analysis of collaborative teaching efficacy between teachers and AI systems

Project Mean Median Standard  
Deviation

Option Frequency (%)

Totally  
Agree

Somewhat  
Agree Unclear Somewhat  

Disagree
Totally  

Disagree

1 3.21 3.10 1.125 10.2 21.5 12.5 35.2 17.9

2 3.45 3.10 1.026 3.6 21.6 15.3 42.6 18.9

3 3.12 3.10 1.035 5.6 27.3 32.6 21.3 10.3

4 3.29 3.10 1.214 4.5 22.0 27.3 26.9 18.3

5 3.58 3.10 1.203 4.5 15.9 15.2 36.8 24.3

6 3.57 3.10 1.125 3.6 15.3 16.9 44.3 18.3

Six testing projects were designed to evaluate the efficacy of collaborative teach-
ing between teachers and AI systems. These projects specifically focused on: cur-
riculum content adaptability, real-time feedback mechanisms, interactive teaching, 
richness of learning resources, personalization of learning progression, and com-
prehensive evaluation and diagnostic capabilities. These six testing projects, which 
cover multiple key aspects of collaborative teaching between teachers and AI sys-
tems, allow for a comprehensive assessment of the effects of collaborative teaching. 
It can be discerned from Table 1 that the collaborative teaching of teachers and 
AI systems demonstrates positive outcomes in certain aspects, particularly in terms 
of personalized adaptation of learning progression and comprehensive evaluation 
and diagnostic capabilities.
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Fig. 4. Comparative graph of online learning duration between groups A, B, and groups B, C

Figure 4 presents the distribution of online learning durations among groups A, 
B, and C. It is evident that both groups A and B show a concentration in the 110–130 
duration range. Specifically, group A students tend to have a higher concentration 
between 120–130, whereas group B students are more inclined towards a duration 
of 110–120. In contrast, groups B and C exhibit distinct patterns. Group B predomi-
nantly falls within the 110–130 duration range, whereas group C shows a broader 
distribution, notably with a substantial increase in the 140–160 duration range. 
Notable disparities exist in the duration of online learning among the various stu-
dent groups. Students from groups A and B demonstrate a tendency to haves shorter 
learning durations, particularly within the 110–130 timeframe, while group C tend 
to have longer durations, especially within the 140–160 range. It can be inferred 
that collaborative teaching involving teachers and AI systems may offer students 
more personalized and targeted learning resources and methods. This could be one 
of the factors contributing to the difference in duration. This further accentuates the 
potential of collaborative teaching between teachers and AI systems for optimizing 
students’ learning processes. Through a deep understanding and analysis of stu-
dents’ learning habits, needs, and feedback, teaching methods can be adjusted and 
optimized, thereby improving student learning efficiency and satisfaction.

Figure 5 illustrates the distribution of module knowledge test scores among 
groups A, B, and C. It is evident that the scores of students in Group A are more varied, 
ranging from 50 to 90. In contrast, the majority of group B’s scores are concentrated 
between 70 and 100, with a particular emphasis on the range of 80 to 100. This indi-
cates that students in group B generally performed at a higher level. In comparison 
between groups B and C, Group B has a higher number of students in the high-score 
bracket (specifically 80–100), while group C’s scores range from 50–100. According 
to the aforementioned data analysis, students in group B generally score higher on 
knowledge tests, especially within the high-score bracket of 80–100. This suggests 
that collaborative teaching, which involves both teachers and AI systems, can offer 
group B students more effective and focused learning resources and strategies.  
As a result, it helps them achieve higher test scores. Conversely, the more dispersed 
scores of groups A and C might suggest that they encountered difficulties during the 
learning process or did not fully leverage the advantages of collaborative teaching. 
This further underscores the significance of collaborative teaching between teachers 
and AI systems in optimizing students’ learning processes. Through collaboration 
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with AI systems, teachers can more effectively identify student needs, adapt teach-
ing strategies, and offer more personalized assistance, thereby improving student 
learning outcomes and satisfaction.

Fig. 5. Comparative analysis of module knowledge test scores among groups A, B, and C

Table 2. Detailed analysis of the learning process status

Project Mean Median Standard  
Deviation

Option Frequency (%)

Totally  
Agree

Somewhat  
Agree Unclear Somewhat  

Disagree
Totally  

Disagree

1 3.45 3.10 0.965 15.9 33.6 32.5 13.9 1.2

2 3.78 3.10 1.125 3.6 9.1 15.6 36.5 32.8

3 3.89 3.10 1.236 2.8 9.8 13.7 32.4 42.3

4 3.69 3.10 1.124 5.6 12.9 14.9 24.8 3.6

Four items were designed in this study to assess the state of student learning 
processes, specifically attention concentration, understanding and mastery, interac-
tive engagement, and autonomous learning capability. The intention behind these 
items was to assess the student’s condition during the learning process, including 
their level of attention, comprehension skills, engagement, and willingness to learn 
independently. Through these tools, a deeper understanding of students’ actual per-
formance in the teaching process can be achieved, thereby offering targeted guid-
ance and suggestions for teaching. Based on the data in Table 2, an analysis can be 
conducted regarding the state of the learning process. It is evident from the table 
that students demonstrate relatively strong performance in terms of attention con-
centration and autonomous learning capability, particularly in regards to attention. 
The majority of students are able to maintain good focus. However, a significant 
number of students do not perform optimally in terms of understanding, mastery, 
and interactive engagement. This might suggest that teaching methods or content 
need further adjustment and optimization. In relation to the previous discussion on 
collaborative teaching with AI systems, it is hypothesized that the use of AI systems 
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for real-time feedback and personalized recommendations could enhance students’ 
performance in comprehension, mastery, and interactive engagement. This, in turn, 
would optimize the learning process for students.

Lastly, six test items were designed in this study to assess the enhancement of stu-
dents’ metacognitive abilities. These include self-assessment and reflection, learning 
strategy selection, learning plan and goal setting, learning process monitoring, sit-
uational cognitive adaptation, and recognition and response to learning barriers. 
The test items mentioned above were designed to target key areas of students’ meta-
cognitive abilities. The aim was to evaluate students’ capabilities in these areas in a 
concise manner. Observing the data from Table 3, it is noted that the enhancement 
of metacognitive abilities is well displayed in certain areas, such as items 1 and 7. 
However, the satisfaction in many other items is relatively low, particularly in items 3  
through 6, and Items 8, 9, and 10. This suggests that when implementing metacog-
nitive ability training, it is important to give special attention to these items and 
identify possible reasons in order to optimize teaching strategies.

Table 3. Detailed analysis of the enhancement of metacognitive ability

Project Mean Median Standard  
Deviation

Option Frequency (%)

Totally  
Agree

Somewhat  
Agree Unclear Somewhat  

Disagree
Totally  

Disagree

 1 3.15 3.10 0.923 18.3 51.2 16.9 11.2  1.6

 2 3.26 3.10 1.152 6.3 32.5 16.5 32.5 12.4

 3 3.78 3.10 1.235 4.5 13.2 12.4 31.4 37.6

 4 3.75 3.10 1.148 3.2 13.5 12.3 35.2 33.4

 5 3.74 3.10 1.125 2.8 13.4 13.5 36.9 33.6

 6 3.71 3.10 1.235 4.3 12.6 13.4 32.1 36.7

 7 3.63 3.10 1.211 16.9 42.5 15.9 15.8  6.5

 8 3.78 3.10 1.123 5.2 13.2 15.6 23.4 42.3

 9 3.61 3.10 1.231 3.6 17.8 12.4 32.8 31.8

10 4.12 3.10 1.268 3.2  8.9 12.6 25.6 47.6

11 2.78 3.10 0.963 7.2 42.6 27.3 18.9  1.9

5	 CONCLUSION

The research aimed to explore the integration of AI technology, specifically focus-
ing on monitoring the learning process through teaching assistance systems. The 
goal was to develop a collaborative interactive teaching model that would enhance 
students’ metacognitive abilities. An in-depth investigation was conducted on 
learning process monitoring technologies based on AI teaching assistance systems. 
The investigation focused on algorithms for face detection and recognition, micro- 
expression recognition, and head posture estimation. Furthermore, a collaborative 
interactive teaching model was developed to enhance students’ metacognitive pro-
cesses. The goal of this model is to provide students with more accurate and person-
alized feedback, thereby fostering the development of their metacognitive abilities.
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Experimental data revealed that student feedback regarding collaborative teach-
ing with AI systems is complex. Some students felt the method either fully or partially 
met their learning needs. Compared to group B, students in group A demonstrated 
a greater variation in dispersed learning durations. When comparing group B to 
group C, the former demonstrated better performance in longer-duration learning, 
while the latter showed superiority in short-duration learning. High-scoring per-
formance was better in group B than in group A. Additionally, group B maintained 
high-scoring superiority compared to group C. However, it is worth noting that 
group C had a higher number of students in the mid-to-low scoring range. Data indi-
cates that students have varied perceptions regarding their learning process status, 
with a high level of satisfaction across most items. Concerning the enhancement of 
metacognitive abilities, the data provided mixed feedback, with most aspects receiv-
ing positive evaluations.

Therefore, collaborative teaching involving teachers and AI systems introduces 
new possibilities for student learning but also presents certain challenges. Data per-
taining to the duration of online learning and module knowledge test scores revealed 
differences among various learning groups, offering insights for optimizing teaching 
strategies. In general terms, collaborative teaching with AI systems holds potential. 
However, to maximize its efficacy, it is imperative to have a profound understanding 
of specific student needs and feedback and make strategic adjustments accordingly. 
Moreover, in the pursuit of continually enhancing teaching outcomes, regular eval-
uation and adjustments based on feedback should be performed.

6	 ACKNOWLEDGMENT

2019–2020 Hebei Higher Education Teaching Reform Research and Practice 
Project: Teaching research and practice of “entering textbook, classroom and mind” 
of Xi Jinping Thought on Socialism with Chinese Characteristics for a New Era in the 
education of international students in China. (Grant No.: 2019GJJG321).

7	 REFERENCES

	 [1]	 W. W. W. Brata, R. Y. Padang, C. Suriani, E. Prasetya, and N. Pratiwi, “Student’s digital  
literacy based on students’ interest in digital technology, internet costs, gender, and 
learning outcomes,” International Journal of Emerging Technologies in Learning (iJET),  
vol. 17, no. 3, pp. 138–151, 2022. https://doi.org/10.3991/ijet.v17i03.27151

	 [2]	 H. Jamaris, H. Hidayat, and A. P. Muji, “Mobile learning application: Effect of learning 
readiness and community learning toward technology management and mobile learn-
ing,” International Journal of Online and Biomedical Engineering (iJOE), vol. 17, no. 13,  
pp. 20–32, 2021. https://doi.org/10.3991/ijoe.v17i13.26871

	 [3]	 P. Srikan, P. Pimdee, P. Leekitchwatana, and A. Narabin, “A problem-based learning 
(PBL) and teaching model using a cloud-based constructivist learning environment to 
enhance Thai undergraduate creative thinking and digital media skills,” International 
Journal of Interactive Mobile Technologies (iJIM), vol. 15, no. 22, pp. 68–83, 2021. https://
doi.org/10.3991/ijim.v15i22.24963

	 [4]	 O. Shkvyr, H. Dudchak, N. Kazakova, O. Polianovska, and N. Sivak, “Mathematical  
modeling of information technology integration in digital education: A regional  
perspective,” Ingénierie des Systèmes d’Information, vol. 28, no. 3, pp. 603–610, 2023. 
https://doi.org/10.18280/isi.280308

https://online-journals.org/index.php/i-jet
https://doi.org/10.3991/ijet.v17i03.27151
https://doi.org/10.3991/ijoe.v17i13.26871
https://doi.org/10.3991/ijim.v15i22.24963
https://doi.org/10.3991/ijim.v15i22.24963
https://doi.org/10.18280/isi.280308


iJET | Vol. 18 No. 24 (2023)	 International Journal of Emerging Technologies in Learning (iJET)	 147

Enhancing Students’ Metacognition via AI-Driven Educational Support Systems

	 [5]	 A. Y. Al-Zoubi, M. Dmour, and R. Aldmour, “Blockchain as a learning management sys-
tem for Laboratories 4.0,” International Journal of Online and Biomedical Engineering 
(iJOE), vol. 18, no. 12, pp. 16–34, 2022. https://doi.org/10.3991/ijoe.v18i12.33515

	 [6]	 H. Huang and C. T. Hsin, “Environmental literacy education and sustainable develop-
ment in schools based on teaching effectiveness,” International Journal of Sustainable 
Development and Planning, vol. 18, no. 5, pp. 1639–1648, 2023. https://doi.org/10.18280/
ijsdp.180535

	 [7]	 N. T. H. Giang, P. T. T. Hai, N. T. T. Tu, and P. X. Tan, “Exploring the readiness for digi-
tal transformation in a higher education institution towards Industrial Revolution 4.0,” 
International Journal of Engineering Pedagogy (iJEP), vol. 11, no. 2, pp. 4–24, 2021. https://
doi.org/10.3991/ijep.v11i2.17515

	 [8]	 T. T. P. Trinh, N. D. Nguyen, D. N. V. Ngo, H. N. T. Thu, and T. C. Nguyen, “Factors influenc-
ing the use of digital games in teaching: An exploratory study in the context of digital 
transformation in Northern Vietnam,” International Journal of Emerging Technologies in 
Learning (iJET), vol. 18, no. 8, pp. 164–182, 2023. https://doi.org/10.3991/ijet.v18i08.36243

	 [9]	 O. Zhukova, V. Mandragelia, T. Alieksieienko, A. Semenenko, and E. Skibina, “Digital 
technologies for introducing gamification into the education system in the context of 
the development of Industry 4.0,” Ingénierie des Systèmes d’Information, vol. 28, no. 1,  
pp. 141–147, 2023. https://doi.org/10.18280/isi.280114

	[10]	 Z. Hao, M. Y. b. Yahya, and J. Lu, “Influence of blockchain technology application in 
education on online teaching resources sharing,” International Journal of Emerging 
Technologies in Learning (iJET), vol. 18, no. 11, pp. 25–37, 2023. https://doi.org/10.3991/
ijet.v18i11.39361

	[11]	 S. Kryshtanovych, O. Inozemtseva, O. Voloshyna, I. Ostapiovska, and O. Dubrova, 
“Modeling the effective digitalization of the education management system in the con-
text of sustainable development,” International Journal of Sustainable Development and 
Planning, vol. 18, no. 5, pp. 1507–1514, 2023. https://doi.org/10.18280/ijsdp.180521

	[12]	 I. Mustapha, N. Thuy Van, M. Shahverdi, M. I. Qureshi, and N. Khan, “Effectiveness of 
digital technology in education during COVID-19 pandemic. A bibliometric analysis,” 
International Journal of Interactive Mobile Technologies (iJIM), vol. 15, no. 8, pp. 136–154, 
2021. https://doi.org/10.3991/ijim.v15i08.20415

	[13]	 S. Kryshtanovych, G. Liakhovych, O. Dubrova, H. Kazarian, and G. Zhekalo, “Stages of 
digital transformation of educational institutions in the system of sustainable devel-
opment of the region,” International Journal of Sustainable Development and Planning,  
vol. 18, no. 2, pp. 565–571, 2023. https://doi.org/10.18280/ijsdp.180226

	[14]	 M. Valentová and P. Brečka, “Assessment of digital games in technology education,” 
International Journal of Engineering Pedagogy (iJEP), vol. 13, no. 2, pp. 36–63, 2023. https://
doi.org/10.3991/ijep.v13i2.35971

	[15]	 K. Ney, H. Diefes-Dux, and E. Stratman, “Low and high performing first-year engineer-
ing students’ learning and metacognitive strategies,” in 2022 ASEE Annual Conference & 
Exposition, 2022.

	[16]	 D. N. Mawardi, C. A. Budiningsih, and Sugiman, “Blended learning effect on mathemat-
ical skills: A meta-analysis study,” Ingénierie des Systèmes d’Information, vol. 28, no. 1,  
pp. 197–204, 2023. https://doi.org/10.18280/isi.280122

	[17]	 N. Nanang and I. Purnamasari, “Influence of contextual-metacognitive on Self-Regulatory 
Strategies students in math IV,” Journal of Physics: Conference Series, IOP Publishing,  
vol. 1869, no. 1, p. 12132, 2021. https://doi.org/10.1088/1742-6596/1869/1/012132

	[18]	 D. Pedrosa, M. M. Fontes, T. Araújo, C. Morais, T. Bettencourt, P. D. Pestana, L. Morgado, 
and J. Cravino, “Metacognitive challenges to support self-reflection of students in online 
Software Engineering Education,” in 2021 4th International Conference of the Portuguese 
Society for Engineering Education (CISPEE), pp. 1–10, 2021. https://doi.org/10.1109/
CISPEE47794.2021.9507230

https://online-journals.org/index.php/i-jet
https://doi.org/10.3991/ijoe.v18i12.33515
https://doi.org/10.18280/ijsdp.180535
https://doi.org/10.18280/ijsdp.180535
https://doi.org/10.3991/ijep.v11i2.17515
https://doi.org/10.3991/ijep.v11i2.17515
https://doi.org/10.3991/ijet.v18i08.36243
https://doi.org/10.18280/isi.280114
https://doi.org/10.3991/ijet.v18i11.39361
https://doi.org/10.3991/ijet.v18i11.39361
https://doi.org/10.18280/ijsdp.180521
https://doi.org/10.3991/ijim.v15i08.20415
https://doi.org/10.18280/ijsdp.180226
https://doi.org/10.3991/ijep.v13i2.35971
https://doi.org/10.3991/ijep.v13i2.35971
https://doi.org/10.18280/isi.280122
https://doi.org/10.1088/1742-6596/1869/1/012132
https://doi.org/10.1109/CISPEE47794.2021.9507230
https://doi.org/10.1109/CISPEE47794.2021.9507230


	 148	 International Journal of Emerging Technologies in Learning (iJET)	 iJET | Vol. 18 No. 24 (2023)

Yang and Xia

	[19]	 T. Binali, C. C. Tsai, and H. Y. Chang, “University students’ profiles of online learning 
and their relation to online metacognitive regulation and internet-specific epistemic 
justification,” Computers & Education, vol. 175, p. 104315, 2021. https://doi.org/10.1016/ 
j.compedu.2021.104315

	[20]	 H. M. S. Cascolan, “The effect of flipped classroom environment on academic achieve-
ment, self-efficacy and metacognitive awareness of students towards chemistry,” 
in Proceedings of the 2023 14th International Conference on E-Education, E-Business, 
E-Management and E-Learning, pp. 1–5, 2023. https://doi.org/10.1145/3588243.3588248

8	 AUTHORS

Yanan Yang is a Lecturer at the School of Marxism Studies at Chengde Medical 
University. She graduated from Yanbian University. Her research focuses on peda-
gogy and politics. She has published six papers and participated in many research 
projects (E-mail: xyanglp@163.com; ORCID: https://orcid.org/0009-0007-8900-8074).

Nan Xia obtained his PhD degree from University Putra Malaysia in Malaysia.  
He currently serves as an Associate Professor of ideological and political education 
in the School of Marxism Studies at Chengde Medical University. At the same time, 
his research focuses on pedagogy and politics. He has published eight papers and 
participated in many research projects (E-mail: xianan@cdmc.edu.cn; ORCID: https://
orcid.org/0009-0003-2850-8703).

https://online-journals.org/index.php/i-jet
https://doi.org/10.1016/j.compedu.2021.104315
https://doi.org/10.1016/j.compedu.2021.104315
https://doi.org/10.1145/3588243.3588248
mailto:xyanglp@163.com
https://orcid.org/0009-0007-8900-8074
mailto:xianan@cdmc.edu.cn
https://orcid.org/0009-0003-2850-8703
https://orcid.org/0009-0003-2850-8703

