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ABSTRACT 

Designing an effective Learning Management System (LMS) improves the overall teaching and learning 

performance of students. However, assessing student behavior on a virtual learning platform is difficult, as 

different students exhibit different contextual behaviors. Multiple Intelligence (MI) combined with 

Cognitive Architecture (CA) can be adopted to learn these multiple behaviors exhibited by students and 

improve the overall student experience. MICA-based models exhibit high training time and lower 

accuracy, thus necessitating the need to improve the learning layer with enhanced agent interaction and 

rewarding mechanisms leveraging a Deep Reinforcement Learning (DRL) model. An experiment was 

conducted on the Education Process Mining (EPM) dataset, and the results show that the proposed MICA 

DRL (MICA-DRL) model exhibited enhanced performance, achieving 99.71% accuracy, which is higher 

compared to current student performance analysis methods. 

Keywords-behavior; cognitive architecture; deep reinforcement learning; multiple intelligence; student 

performance 

I. INTRODUCTION  

The integration of Artificial Intelligence (AI) into education 
has opened new paths for personalized learning and intelligent 
tutoring systems [1]. One of the pivotal frameworks supporting 
this personalized approach is Howard Gardner's Theory of 
Multiple Intelligences (MI), developed in 1983. Gardner 
challenged traditional views by proposing that intelligence is 
not a single general ability measurable solely through IQ tests, 
but rather a set of multiple distinct modalities through which 
individuals process information and solve problems [2, 3]. 
Each person possesses unique combinations and varying 
degrees of these intelligences, a conceptual shift that has had 
profound implications for education by advocating for more 
individualized and inclusive teaching methodologies. 

Complementing MI theory are cognitive theories that 
examine how people acquire, process, and store information. 
Jean Piaget's cognitive developmental theory [4, 5] emphasized 
that cognitive growth occurs in stages, from sensorimotor to 
formal operational, each characterized by distinct ways of 
thinking and understanding the world. The cognitive model 
highlights the interrelation of thoughts, emotions, bodily 
sensations, and behavior, illustrating how interpretations of 
situations influence emotional responses and actions [4]. More 
recent developments, such as information-processing theory, 
conceptualize the human mind as a computer system, with 
intelligence derived from the efficiency of processes such as 
attention, memory, and reasoning [6]. 
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The convergence of MI and cognitive theories provides a 
comprehensive framework for understanding human learning 
and behavior. For example, logical-mathematical intelligence is 
closely aligned with analytical reasoning processes, while 
interpersonal intelligence is connected to emotional cognition 
and social understanding [7, 8]. These alignments suggest that 
integrating cognitive models into education can better address 
the diverse intelligence profiles of students. Modern cognitive 
architectures, such as ACT-R [9] and SOAR [10], model these 
processes, replicating human-like reasoning and behavior in 
synthetic agents. This synergy is particularly valuable in AI-
driven educational tools, where agents designed within 
cognitive frameworks can adapt to MI theory, thus supporting 
diverse learning styles and enhancing student engagement [11]. 
By incorporating Machine Learning (ML) into these 
architectures, synthetic agents can dynamically adapt to the 
cognitive and intelligence profiles of learners [12-15]. 

The evolution of cognitive architectures demonstrates their 
growing sophistication. In the 1960s, the General Problem 
Solver (GPS) [16, 17] modeled problem-solving aligned with 
logical-mathematical intelligence. This was followed by OPS5 
in the 1970s, which improved the modeling of linguistic and 
interpersonal intelligences through production-rule systems 
[18]. In the 1980s, connectionist models, such as Parallel 
Distributed Processing (PDP) [19], and symbolic architectures, 
such as SOAR [10], were introduced, enabling simulations of 
bodily-kinesthetic and musical intelligences. In the 1990s, 
ACT-R [20] and CLARION [21] advanced the representation 
of declarative and procedural knowledge, strengthening the 
modeling of intrapersonal and interpersonal intelligence. In the 
2000s, architectures such as LIDA [22] and Psi-based Coprime 
[23] integrated embodied cognition—linking perception, 
action, memory, and emotion—making them effective for 
naturalistic and existential intelligences. In the 2010s, 
neurocognitive architectures such as SPAUN [24], combined 
with Deep Learning (DL) [25, 26], excelled in tasks that 
require spatial and linguistic intelligence, enabling intelligent 
educational agents with personalized interactive capabilities. 
The current decade continues this trend, incorporating 
Reinforcement Learning (RL) and domain-specific cognitive 
models for increasingly individualized education [27, 28]. 

Empirical studies further demonstrate these applications. In 
[29], cognitive architectures were compared in e-learning, 
highlighting their effectiveness in collaborative settings. In 
[30], a robot behavior management framework used ML 
methods to assess student engagement. In [31], ML models 
were used to predict academic performance, refining the results 
with ensemble bagging techniques and datasets such as 
DEEDS [32, 33]. In [34], the Interactive Constructive Active-
Passive Disengage (ICAPD) model linked student behavior 
with cognitive engagement, achieving 84% accuracy in 
predictions using DL. The study in [35] examined how MI-
inspired cognitive agents can foster educational interactions 
through man-machine symbiosis and dialectic learning. In 
summary, integrating MI theory with cognitive architectures 
and ML provides a robust path toward intelligent, adaptive 
educational systems. By tailoring learning experiences to 
individual cognitive and intelligence profiles, these systems 
foster deeper engagement and improved outcomes.  

This work: 

 Proposes a novel Multiple-Intelligence Cognitive 
Architecture using Deep Reinforcement Learning (MICA-
DRL) for adaptive teaching and learning. This work models 
student behavior using multi-agent cognitive layers: 
reflexive, reactive, deliberative, and learning agents. 

 Incorporates Deep Q-Reinforcement Learning (DQRL) to 
optimize decision-making and improve student learning 
outcomes. In addition, it leverages Learning Management 
System (LMS) interaction data (keystrokes, clicks, content 
access) to model cognitive engagement and intelligence 
types. 

 Implements a hierarchical multi-agent interaction model to 
enhance planning, feedback, and personalized instruction. 
In addition, it formulates learning as a Markov Decision 
Process (MDP) to handle uncertainty in student behavior. 

In practical deployment, MICA-DRL, integrated into LMS, 
analyzes student interactions to deliver adaptive feedback. It 
supports instructors by identifying at-risk learners, 
recommending interventions, and suggesting resources, while 
personalizing content, paths, and feedback for students. This 
fosters engagement, enables timely instructional decisions, and 
bridges theoretical modeling with practical educational impact. 

II. METHODOLOGY  

MICA-DRL is a novel cognitive architecture that integrates 
synthetic agents to enhance classroom learning. Using LMS 
data, such as keystrokes, mouse interactions, visual and 
mathematical features, it models multiple intelligences to 
identify strong and weak learners. The architecture adapts 
instruction, improving performance through personalized and 
intelligence-driven teaching strategies in virtual environments. 

A. Cognitive Architecture for Enhancing Teaching and 
Learning 

In the MICA‑DRL approach, the mind is modeled as a 
collection of agents distributed across multiple cognitive layers. 
These agents work collaboratively to cover critical aspects of 
cognition and learning. The architecture comprises four core 
layers—learning, deliberative, reactive, and reflexive—each 
with specific roles in modeling agent behavior.  

Figure 1 presents the MICA‑DRL cognitive architecture, 
detailing the interaction between various agent layers, such as 
perception, affect, cognition, motivation, and intention. The 
process begins with a perceptual agent that gathers behavioral 
and interaction data from the environment. Reflexive Finite 
State Machine (FSM) agents provide immediate low‑level 
responses, while reactive agents interpret these using BDI 
(Belief, Desire, Intention) principles for more coordinated 
actions. Deliberative agents plan goal‑oriented strategies, and 
the Deep Q‑Learner in the learning layer optimizes decisions 
through RL. Meta‑cognitive agents (MetaBelief, Meta‑I) 
oversee adaptation and strategy refinement. This layered 
coordination enables dynamic, personalized interventions, 
enhancing teaching and learning outcomes based on student 
behavior patterns. 
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Fig. 1.  MICA-DRL architecture for improving the overall teaching and learning experience of students. 

In MICA-DRL, consider � as an environment that consists 
of domain and task variables. ��  denotes the environment at 
time �, �� denotes the action taken by the agent at �, �� denotes 
the reward received at �, �� denotes agent-state at �, � denotes 
policy function-mapping states for actions, i.e., �: � → � , ��
��  denotes the value function for policy � , ��
�, �� 
denotes the action-value function for the policy � , � denotes 
the discount factor for future rewards, i.e., � ∈ �0,1�,  and � 
denotes the learning rate. The agent layers are the reflexive 
layer ℛ� � ���� �!"# , the reactive layer ℛ$ � ��%� �!"& , the 
deliberative layer ' � �(�� �!") , and the learning-layer ℒ ��+� �!", . The whole system is modeled as a Markov Decision 
Process (MDP) due to uncertainty in student behavior patterns. 
The MICA-DRL environment � can be defined as: 

� � 
�, �, -, �, ��    (1) 

where �  denotes a set of states (performance indicators, 
engagement levels, and student knowledge states), � denotes a 
set of actions (content delivery, recommendation, and 
feedback), -: � . � . � → �0,1�  denotes the transition 
function, i.e., the probability of a state transition using action �, �: � . � → ℝ denotes the reward function, and � denotes the 
discount factor.  

B. Reflexive Layer 

This is the initial layer and the lowest level of the proposed 
MICA-DRL architecture, where small and simple agents exist, 
showing simple behavior. The agents provide output using a 
function (perception) for any input. The output is always in the 
form of a behavioral action. The agents in the reflexive layer 
are termed reflexive-agents. Each reflexive agent has to follow 
the architectural rules (constraints). For every output, the 
reflexive agent changes its location (goes to the next level) only 
if it provides output; otherwise, it changes its location 
diagonally (i.e., right, left, back, front). The reflexive agents 
provide output on the basis of instincts and perception, which 
helps them to move around the architectural locations. 
Consider a reflexive agent ��� ∈ ℛ�  modeled as a finite-state 
machine: 

��� � 
0� , 1� , 2�, 34,� , ���   (2) 

where 0� denotes the internal states set, 1�  denotes the input set 
from the environment (e.g., keypresses, mouse clicks), 2�: 0� . 1� → 0�  denotes the state transition function, 34,� 
denotes the initial state, and ��: 0� → �  denotes the output 
function producing an action. These agents move to the next 
layer if �� 5 ∅; else, they follow diagonal transitions.   
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C. Reactive Layer 

This is the second layer of the MICA-DRL architecture. 
The agents in the reactive layer are termed reactive-agents. 
This layer performs various tasks based on the reflexive agents' 
output, due to which reactive agents display harmonized and 
organized exertion. The reactive agents are administered using 
the BDI agent. Reactive agents react based on internal beliefs, 
desires, and intentions. Each �%7 ∈ ℛ$ is modeled as: 

�%7 � 897 , (7 , :7 , ;7<    (3) 

where 97  denotes beliefs (information from reflexive outputs), (7  denotes desires (objectives or goals), :7  denotes intentions 
(committed plans) and ;7 denotes a function to determine an 
action ;7897 , (7 , :7< → �. Reactive agents select action � ∈ � 
based on: 

� � arg maxBC ��
�� , �C�   (4) 

D. Deliberative-Layer 

This is the third layer of the MICA-DRL architecture, 
having BDI agents. The BDI agents use certain reactive agents 
and reflexive agents for completing assigned tasks (input). 
Deliberative agents (�D ∈ ' use planning algorithms to fulfill 
goals. They plan over a longer horizon, using the output of �%7 
and combining plans using: 

(�D � 
ED , FD, GD�    (5) 

where ED  denotes a set of plans, FD  denotes planning 
constraints and GD: 
�� , H�� → ED  denotes the planning 
function, selecting a plan to achieve a goal H�. The plans are a 
sequence of actions: 

ED � ��", �I, … , �K     (6) 

The agent uses model-based RL for planning under uncertainty.  

E. Learning Layer (DQRL) 

This is the last layer of the proposed DQRL-based MICA-
DRL architecture, which utilizes the initial, second, and third 
layers for learning how the task has been executed. This layer 
combines the meta-cognition layer and meta-control layer. The 
agents in the learning layer are termed learning-agents. The 
learning agents utilize the proposed DQRL algorithm to learn 
to execute different tasks (input). The DQRL algorithm utilizes 
a rewarding approach for learning. The DQRL uses policy and 
value to give a reward for every completed task. The DQL 
approximates the action-value function �
�, �� using a neural 
network �
�, �: L�, with parameter L. The Q-learning update 
rule is given as: 

�
�� , ��� ← �
�� , ��� + � OP� + � maxBQ �
��R", �C� −
                             �
�� , ���U     (7) 

In DQRL, this is carried out using a Deep Neural Network, 
as: 

ℒ
L� �  

V
W,B,X,WQ�~Z [\P + � maxBQ �
�C, �C; L^� − �
�, �; L�_I`  (8) 

where ( denotes the experience replay buffer and L^ denotes 
target network parameters (which are updated periodically). In 
this work, the policy is derived using: 

�
�� � arg maxBQ �
�, �; L�   (9) 

F. Reward Mechanism 

Each action � taken in the state � receives a reward, which 
is represented as: 

�
�, �� � a+1, bf action improves learning0, if neutral effect−1, if detimental  (10) 

The DQRL agent uses both policy �
�� for deciding which 
action to take and the value function �
�� � maxB �
�, �� for 

evaluating state quality. 

G. Multi-Agent Interaction Model 

The overall system can be viewed as a multi-agent 
hierarchical RL system. Let p � q��� , �%7 , (�D, +�rs be a set 
of all agents. Each agent �� ∈ p interacts in a hierarchy based 
on its level, i.e., ��� → �%7 → (�D → +�r. The transitions are 
governed by communication functions, defined as: 

-�→7: �tuv → :twx , ∀�,7   

-7→D: �twx → :Zz{      (11) 

-D→r: �Zz{ → :|z}   
H. MICA-DRL 

The proposed MICA-DRL framework functions through 
layered agent interactions across cognitive processes. Initially, 
perceptual agents gather LMS data such as keystrokes, mouse 
clicks, and content access, forming observations ��. Reflexive 
agents ��� then generate immediate, rule-based responses, 
forwarding valid outputs to reactive agents �%7 , which 
interpret actions using the BDI model for goal alignment. 
Deliberative agents (�D build structured plans to support 
engagement and comprehension. Finally, learning agents +�r 
employ DQRL to refine decision-making through reward-
driven policy updates. This multi-layered design enables 
adaptive, intelligence-driven responses, dynamically enhancing 
student learning and performance in virtual educational 
environments. 

The core objective of the MICA-DRL system is to 
maximize the cumulative reward received during the learning 
sessions. This is formally expressed as: 

max� V~∑ ���8�� , �
���<K�!4 �   (12) 

where �  represents the policy function that maps states to 
actions, �8�� , �
���<  is the reward received after taking an 
action at state �� , � denotes the discount factor indicating the 
importance of future rewards, and the expectation is taken over 
all possible state-action sequences. The goal is to continuously 
improve this policy through learning, ensuring that each agent 
in the architecture contributes to enhancing the student's overall 
learning experience and academic performance.  
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III. RESULTS AND DISCUSSION 

This classification performance of MICA-DRL was 
compared against existing student assessment models, 
including Multi-Split Feature-Aware (MSFA) [33], Random 
Forest-based Hybrid-Classifier (RFHC) [36], Feature-Aware 
Decision-Tree (FADT) [37], and an XGB-based [38]. 
Experiments were conducted using the Educational Process 
Mining (EPM) dataset from the UCI Machine Learning 
Repository [39]. The dataset comprises behavioral logs 
collected from 115 students participating in a virtual learning 
environment in six independent session streams. Each stream 
records detailed interaction data, including keystrokes, mouse 
clicks, and navigation actions, which together capture diverse 
patterns of student engagement. These logs provide a valuable 
resource for modeling learner behaviors and linking them to 
academic performance outcomes.  

Data were split into 70% training and 30% testing. To 
ensure reliability and consistency, several preprocessing steps 
were applied. First, categorical variables, such as session 
identifiers, were transformed into numerical representations 
using one-hot encoding. Continuous variables, including 
assessment scores and task completion times, were normalized 
to the �0,1� range to prevent scale dominance. Records from 
incomplete sessions containing fewer than 10 logged events 
were excluded, resulting in 31,450 valid interaction events for 
analysis. To support robust evaluation, a 5-fold stratified cross-
validation strategy was adopted, preserving the balance 
between strong and weak learner classes in each fold. MICA-
DRL was configured with a learning rate of 0.001, a discount 
factor γ = 0.95, 1,000 epochs, batch size = 64, and 
replay_buffer = 10,000. Training employed TensorFlow 2.12 
and scikit-learn 1.2.2 on an RTX 3080 GPU system. To 
mitigate overfitting, early stopping, dropout (0.3), and 5-fold 
cross-validation were applied. From the raw logs, a set of 
derived features was calculated to capture learning behavior. 
These features were selected to reflect engagement, 
consistency, and progression.  

The feature extraction process derived key indicators of 
student behavior from raw interaction logs to support accurate 
performance modeling. The keystroke frequency was defined 
as the average number of keyboard inputs per session, while 
the mouse click rate measured clicks per minute, reflecting the 
intensity of interaction. Navigation depth captured unique 
content transitions, showing exploration patterns, and time-on-
task quantified the average duration per activity as a proxy for 
engagement. The frequency of content access indicated revisits 
to resources, suggesting reinforcement or difficulty, while the 
consistency of engagement (standard deviation of time-on-task) 
highlighted the stability of focus. Finally, the progression 
pattern measured the adherence to suggested activity 
sequences. Each student's interaction history was aggregated 
into a structured feature matrix, forming the input for MICA-
DRL and baselines, ensuring reproducibility and transparent 
mapping from behaviors to predictive outcomes. Performance 
was assessed using accuracy, precision, recall, and F-score: 

Accuracy � ��R��
��R��R��R��   (13) 

Precision � ��
��R��    (14) 

Recall � ��
��R��    (15) 

F − score � I∗���������∗�����������
���������∗�����������   (16) 

 

 
Fig. 2.  Performance evaluation results in assessing student performance 
using session activity. 

The results show that MSFA performed the weakest (65% 
accuracy), while FADT achieved 98.28% accuracy. MICA-
DRL outperformed all, achieving 99.71% accuracy, 99.7% 
precision, 99.7% recall, and 99.68% F1-score, confirming its 
superior predictive power and potential for personalized 
learning support. A 5-fold cross-validation on the EPM dataset 
showed minimal variability in MICA-DRL's performance. 
Specifically, the standard deviation across folds was ±0.12% 
for accuracy, ±0.15% for precision, ±0.14% for recall, and 
±0.16% for F1-score. These low deviations indicate that 
MICA-DRL consistently delivers strong predictive 
performance, reinforcing the reliability of the reported results.  

IV. CONCLUSION 

This study examined different MI and CA approaches, 
highlighting their significance and limitations in adapting to the 
student domain. It also emphasized that the current MICA and 
its enhanced model have not been explored for assessing 
student performance. The proposed MICA-DRL framework 
improved the learning layer with enhanced agent interaction 
and reward mechanisms leveraging DRL, and experiments on 
the EPM dataset demonstrated superior performance in terms 
of accuracy, precision, recall, and F-measure compared to 
existing methods. However, this study is limited by the 
relatively small size of the dataset and the dependence on a 
single publicly available source, which may affect 
generalizability. Future work will focus on validating MICA-
DRL with larger and more diverse datasets across different 
educational contexts, integrating multimodal data such as 
speech and facial cues, and exploring explainable AI 
techniques to enhance interpretability for educators. These 
directions will strengthen the robustness, scalability, and 
practical utility of the proposed framework. 



Engineering, Technology & Applied Science Research Vol. 15, No. 6, 2025, 29049-29055 29054  
 

www.etasr.com Spoorthi et al.: A Multiple Intelligent-Enabled Cognitive Agent Interaction Architecture for Enhancing … 

 

REFERENCES 
[1] B. Alsubhi et al., "Effective Feature Prediction Models for Student 

Performance," Engineering, Technology & Applied Science Research, 
vol. 13, no. 5, pp. 11937–11944, Oct. 2023, 
https://doi.org/10.48084/etasr.6345. 

[2] P. Maftoon and S. N. Sarem, "The Realization of Gardner’s Multiple 
Intelligences (MI) Theory in Second Language Acquisition (SLA)," 
Journal of Language Teaching and Research, vol. 3, no. 6, pp. 1233–
1241, Nov. 2012, https://doi.org/10.4304/jltr.3.6.1233-1241. 

[3] D. Patanella and C. Ebanks, "Gardner’s Theory of Multiple 
Intelligences," in Encyclopedia of Child Behavior and Development, S. 
Goldstein and J. A. Naglieri, Eds. Springer US, 2011, pp. 681–682. 

[4] G. T. Frischkorn and A. L. Schubert, "Cognitive Models in Intelligence 
Research: Advantages and Recommendations for Their Application," 
Journal of Intelligence, vol. 6, no. 3, Jul. 2018, Art. no. 34, 
https://doi.org/10.3390/jintelligence6030034. 

[5] F. H. Pakpahan and M. Saragih, "Theory Of Cognitive Development By 
Jean Piaget," Journal of Applied  Linguistics, vol. 2, no. 2, pp. 55–60, 
Jul. 2022, https://doi.org/10.52622/joal.v2i2.79. 

[6] G. Sucharitha, A. Matta, K. Dwarakamai, and B. Tannmayee, 
"Correction to: Theory and Implications of Information Processing," in 
Emotion and Information Processing, S. N. Mohanty, Ed. Springer 
International Publishing, 2020. 

[7] J. A. Azinar, S. Munzir, and Bahrun, "Students’ logical-mathematical 
intelligence through the problem-solving approach," Journal of Physics: 
Conference Series, vol. 1460, no. 1, Feb. 2020, Art. no. 012024, 
https://doi.org/10.1088/1742-6596/1460/1/012024. 

[8] K. Bague, J. Baratgin, and É. Laurent, "Perspective chapter: Enacting 
Emotional Intelligence from the bidirectional link between Mood and 
Reasoning," in Emotional Intelligence - Understanding, Influencing, and 
Utilizing Emotions, É. Laurent, Ed. IntechOpen, 2024. 

[9] F. E. Ritter, F. Tehranchi, and J. D. Oury, "ACT‐R: A cognitive 
architecture for modeling cognition," WIREs Cognitive Science, vol. 10, 
no. 3, May 2019, Art. no. e1488, https://doi.org/10.1002/wcs.1488. 

[10] J. E. Laird, A. Newell, and P. S. Rosenbloom, "SOAR: An architecture 
for general intelligence," Artificial Intelligence, vol. 33, no. 1, pp. 1–64, 
Sep. 1987, https://doi.org/10.1016/0004-3702(87)90050-6. 

[11] S. J. Bickley and B. Torgler, "Cognitive architectures for artificial 
intelligence ethics," AI & SOCIETY, vol. 38, no. 2, pp. 501–519, Apr. 
2023, https://doi.org/10.1007/s00146-022-01452-9. 

[12] R. AlShaikh, N. Al-Malki, and M. Almasre, "The implementation of the 
cognitive theory of multimedia learning in the design and evaluation of 
an AI educational video assistant utilizing large language models," 
Heliyon, vol. 10, no. 3, Feb. 2024, Art. no. e25361, 
https://doi.org/10.1016/j.heliyon.2024.e25361. 

[13] F. Reinhold, T. Leuders, K. Loibl, M. Nückles, M. Beege, and J. M. 
Boelmann, "Learning Mechanisms Explaining Learning With Digital 
Tools in Educational Settings: a Cognitive Process Framework," 
Educational Psychology Review, vol. 36, no. 1, Mar. 2024, Art. no. 14, 
https://doi.org/10.1007/s10648-024-09845-6. 

[14] P. Ahmad, "Integrating Multiple Intelligences Theory In English 
Language Teaching," Premise: Journal of English Education, vol. 11, 
no. 2, Jun. 2022, Art. no. 348, https://doi.org/10.24127/pj.v11i2.4823. 

[15] N. Ghaznavi, M. Η. Narafshan, and M. Tajadini, "The Implementation 
of a Multiple Intelligences Teaching Approach: Classroom engagement 
and physically disabled learners," Cogent Psychology, vol. 8, no. 1, Dec. 
2021, Art. no. 1880258, 
https://doi.org/10.1080/23311908.2021.1880258. 

[16] N. Taatgen and J. R. Anderson, "The Past, Present, and Future of 
Cognitive Architectures: Topics in Cognitive Science," Topics in 
Cognitive Science, vol. 2, no. 4, pp. 693–704, Oct. 2010, 
https://doi.org/10.1111/j.1756-8765.2009.01063.x. 

[17] H. A. Simon and A. Newell, "Computer Simulation of Human Thinking 
and Problem Solving," Monographs of the Society for Research in Child 
Development, vol. 27, no. 2, 1962, Art. no. 137, 
https://doi.org/10.2307/1165535. 

[18] A. Gupta and C. L. Forgy, "Static and run-time characteristics of OPS5 
production systems," Journal of Parallel and Distributed Computing, 
vol. 7, no. 1, pp. 64–95, Aug. 1989, https://doi.org/10.1016/0743-
7315(89)90052-X. 

[19] J. S. Bowers, "Parallel Distributed Processing Theory in the Age of Deep 
Networks," Trends in Cognitive Sciences, vol. 21, no. 12, pp. 950–961, 
Dec. 2017, https://doi.org/10.1016/j.tics.2017.09.013. 

[20] G. Weber, "ACT - Adaptive Control of Thought," in Encyclopedia of the 
Sciences of Learning, N. M. Seel, Ed. Boston, MA: Springer US, 2012, 
pp. 60–62. 

[21] J. R. Anderson, D. Bothell, M. D. Byrne, S. Douglass, C. Lebiere, and 
Y. Qin, "An Integrated Theory of the Mind.," Psychological Review, vol. 
111, no. 4, pp. 1036–1060, 2004, https://doi.org/10.1037/0033-
295X.111.4.1036. 

[22] S. Strain, S. Kugele, and S. Franklin, "The learning intelligent 
distribution agent (LIDA) and medical agent X (MAX): Computational 
intelligence for medical diagnosis," in 2014 IEEE Symposium on 
Computational Intelligence for Human-like Intelligence (CIHLI), 
Orlando, FL, USA, Dec. 2014, pp. 1–8, 
https://doi.org/10.1109/CIHLI.2014.7013390. 

[23] D. Dörner and C. D. Güss, "PSI: A Computational Architecture of 
Cognition, Motivation, and Emotion," Review of General Psychology, 
vol. 17, no. 3, pp. 297–317, Sep. 2013, 
https://doi.org/10.1037/a0032947. 

[24] C. Eliasmith et al., "A Large-Scale Model of the Functioning Brain," 
Science, vol. 338, no. 6111, pp. 1202–1205, Nov. 2012, 
https://doi.org/10.1126/science.1225266. 

[25] I. Panella, L. Z. Fragonara, and A. Tsourdos, "A Deep Learning 
Cognitive Architecture: Towards a Unified Theory of Cognition," in 
Intelligent Systems and Applications, vol. 1250, K. Arai, S. Kapoor, and 
R. Bhatia, Eds. Cham: Springer International Publishing, 2021, pp. 566–
582. 

[26] J. Male and U. Martinez-Hernandez, "Deep learning based robot 
cognitive architecture for collaborative assembly tasks," Robotics and 
Computer-Integrated Manufacturing, vol. 83, Oct. 2023, Art. no. 
102572, https://doi.org/10.1016/j.rcim.2023.102572. 

[27] K. Miyazawa, T. Horii, T. Aoki, and T. Nagai, "Integrated Cognitive 
Architecture for Robot Learning of Action and Language," Frontiers in 
Robotics and AI, vol. 6, Nov. 2019, Art. no. 131, 
https://doi.org/10.3389/frobt.2019.00131. 

[28] M. Ν. Uddin, "Cognitive science and artificial intelligence: simulating 
the human mind and its complexity," Cognitive Computation and 
Systems, vol. 1, no. 4, pp. 113–116, Dec. 2019, 
https://doi.org/10.1049/ccs.2019.0022. 

[29] A. Asselman, A. Nasseh, and S. Aammou, "Revealing Strengths, 
Weaknesses and Prospects of Intelligent Collaborative e-Learning 
Systems," Advances in Science, Technology and Engineering Systems 
Journal, vol. 3, no. 3, pp. 67–79, May 2018, 
https://doi.org/10.25046/aj030310. 

[30] D. Tozadore et al., "Project R-CASTLE: Robotic-Cognitive Adaptive 
System for Teaching and Learning," IEEE Transactions on Cognitive 
and Developmental Systems, vol. 11, no. 4, pp. 581–589, Dec. 2019, 
https://doi.org/10.1109/TCDS.2019.2941079. 

[31] M. Injadat, A. Moubayed, A. B. Nassif, and A. Shami, "Systematic 
ensemble model selection approach for educational data mining," 
Knowledge-Based Systems, vol. 200, Jul. 2020, Art. no. 105992, 
https://doi.org/10.1016/j.knosys.2020.105992. 

[32] M. Vahdat, L. Oneto, D. Anguita, M. Funk, and M. Rauterberg, "A 
Learning Analytics Approach to Correlate the Academic Achievements 
of Students with Interaction Data from an Educational Simulator," in 
Design for Teaching and Learning in a Networked World, vol. 9307, G. 
Conole, T. Klobučar, C. Rensing, J. Konert, and E. Lavoué, Eds. 
Springer International Publishing, 2015, pp. 352–366. 

[33] M. Injadat, A. Moubayed, A. B. Nassif, and A. Shami, "Multi-split 
optimized bagging ensemble model selection for multi-class educational 
data mining," Applied Intelligence, vol. 50, no. 12, pp. 4506–4528, Dec. 
2020, https://doi.org/10.1007/s10489-020-01776-3. 



Engineering, Technology & Applied Science Research Vol. 15, No. 6, 2025, 29049-29055 29055  
 

www.etasr.com Spoorthi et al.: A Multiple Intelligent-Enabled Cognitive Agent Interaction Architecture for Enhancing … 

 

[34] Q. Xu, Y. Wei, J. Gao, H. Yao, and Q. Liu, "ICAPD Framework and 
simAM-YOLOv8n for Student Cognitive Engagement Detection in 
Classroom," IEEE Access, vol. 11, pp. 136063–136076, 2023, 
https://doi.org/10.1109/ACCESS.2023.3337435. 

[35] R. F. Souza and W. T. Lima Jr, "Skill Development through Artificial 
Cognitive Systems and Social Robotics Applied at Tech-Education," 
Proceedings of the AAAI Symposium Series, vol. 2, no. 1, pp. 203–207, 
Jan. 2024, https://doi.org/10.1609/aaaiss.v2i1.27672. 

[36] G. B. Brahim, "Predicting Student Performance from Online 
Engagement Activities Using Novel Statistical Features," Arabian 
Journal for Science and Engineering, vol. 47, no. 8, pp. 10225–10243, 
Aug. 2022, https://doi.org/10.1007/s13369-021-06548-w. 

[37] K. Roy and D. Md. Farid, "An Adaptive Feature Selection Algorithm for 
Student Performance Prediction," IEEE Access, vol. 12, pp. 75577–
75598, 2024, https://doi.org/10.1109/ACCESS.2024.3406252. 

[38] T. Chen and C. Guestrin, "XGBoost: A Scalable Tree Boosting System," 
in Proceedings of the 22nd ACM SIGKDD International Conference on 
Knowledge Discovery and Data Mining, San Francisco, CA, USA, Aug. 
2016, pp. 785–794, https://doi.org/10.1145/2939672.2939785. 

[39] L. O. M. Vahdat, L. Oneto, D. Anguita, M. Funk, and M. Rauterberg, 
"Educational Process Mining (EPM): A Learning Analytics Data Set." 
UCI Machine Learning Repository, 2015, 
https://doi.org/10.24432/C5NP5K. 

 


