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ABSTRACT: Atrtificial Intelligence (Al) incorporated into the education domain lead to transformational
possibilities for personalized, adaptive, and competency-based education. Concurrently, the Outcomes-
Based Education (OBE) model emerged, giving rise to strategic approaches based on defined learning
outcomes, learner-cantered pedagogical practice, and the ongoing assessment of performance. The
incorporation of Al in education has reinvented pedagogical frameworks, especially when conjoined with
OBE. This review articulates the way in which Al technologies Deep Learning (DL), Reinforcement
Learning (RL), Personalized Learning (PL), Natural Language Processing (NLP), Gamification, and
Learning Analytics align with educational outcomes in cognitive and affective domains. Higher education
institutions utilizing Al augmented OBE frameworks develop learner centered environments, personalize
learner learning pathways, promote appropriate summative assessment strategies, adopt ethical
competencies, and apply problem-solving skills, understanding that these elements are needed for a
workforce competent in Al. The paper identifies current limitations including scale, issues with
standardization, and the absence of comprehensive theoretical models or articulation linking Al with OBE
practices in education. In summary, the review highlights the potential for a shift to Al based OBE and
potential deficiencies, and subsequent recommendations for effective and ethical Al in education.

Keywords: Artificial Intelligence, Outcomes-Based Education, Deep Learning, Reinforcement Learning,
Personalized Learning, Natural Language Processing.

1. Introduction as digital technologies expanded in education.
Within these advancements is an emergence of Al
development, which significantly altered the ways
in which knowledge is delivered, assessed, and the
way student learning experience is personalized
[2]. Higher education institutions around the world
are now deploying Al technologies to facilitate not
only flexibility in instruction but to also establish
learner-cantered environments that emphasize
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The COVID-19 pandemic has triggered a major
shift in the education system worldwide, as both
school systems and other higher education
institutions have hastily moved to an online or
hybrid instructional model [1]. The drastic move
from face-to-face to a digital delivery model
fuelled innovative teaching and learning practices,
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creativity, collaboration, and curiosity qualities
that needed to develop global citizens in a
borderless digital environment [3]. Al in education
has many possibilities, in OBE intelligent tutoring
systems, and efficient workflow improvements in
administrative processes. As Al tools continue to
develop educational stakeholders including
government, higher education and technology
developers all invest in Al learning systems to
improve access and equity in education [4-5].
Nonetheless, with Al tools being adopted rapidly,
the deployment of these technologies often lacks a
larger conceptual theory or design model of
education. Although wusage of Al tools in
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educational settings is increasing, there is little
evidence that they are being systematically
integrated into educational structures or teaching
practices [6-7]. Consequently, in addition to
producing educational content, educators and
educational institutions continue for producing a
generation of individuals to possess the digital
competencies and skills required in the modern
workforce [8]. The Framework of OBE Outcome
Domains is shown in Figure 1, which shows
learning outcomes are categorised into cognitive,
and affective, domains that inform instructional
strategies, curriculum design, and assessment
techniques.
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Figure 1: Framework of OBE in Al technology Outcome Domains

Alongside the advancement of these technologies,
OBE has emerged as an educational model that is
grounded in defining and achieving clear,
measurable learning outcomes. The framework of
OBE emphasizes demonstrating students’
knowledge, skills, and attitudes by organizing
curriculum, instruction, and assessment around
competencies in industry-specific contexts [9].
OBE ensures that graduates are equipped with
attributes to align with the evolving and iterative
demands of the workforce, especially in fields
driven by the digital or Al revolution [10].
However, although it has promise, Al in education
is still in its early stages, with adoption lagging in
real institutional contexts and lacking an
educational foundation for theoretical concepts. In
addition, existing studies are often lacking a
comprehensive educational framework to connect
Al innovations and established educational
frameworks like OBE [11-12]. This lack of

comprehensive educational frameworks to ground
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existing research constrains the practical effect of
Al technologies on curriculum design, learning
analytics, and valuation. This survey article
summarises the use of Al technologies which
include DL, RL, PL, NLP, Gamification, data
analytics, learning analytics in OBE and its impact
on cognitive, affective and skill-based outcomes,
while also indicating gaps in current research and
recommending future opportunities.

2. Review of Outcomes-Based Al Education

OBE is a learner-cantered approach that
emphasizes identified outcomes across cognitive,
affective, and psychomotor expectations.
Cognitive outcomes address knowledge, the
acquisition of knowledge, understanding, and
critical-thinking skills; the affective learning
outcomes address motivation to learn, values, and
attitudes. These technologies support the
alignment of curriculum and assessments and
assure institutional attention to  student
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performance indicator and improvement on
reachable qualitative competencies.

2.1 Cognitive Outcomes-Based Al Education

Cognitive outcomes relate to knowledge and
understanding, and skills of thinking. Through
adapting content, tracking progression, and
supporting skills of critical thinking, technology
such as like DL, NLP, PL, Data analytics and
learning alanytics enhance student’s cognitive
outcomes, providing deeper learning experiences
and ultimately better performance in an OBE
model.

2.1.1 Deep learning based OBE

OBE system grounded in DL, with personalized
anticipations for learning recommendations and
classroom quality assessments. This is a
significant improvement over the traditional
teaching delivery methods, which are limited in
their evaluation approach. The system is based on
a content-based recommendation algorithm using
Convolutional Neural Networks (CNNs) which
takes historical learner profiles and past
preliminary knowledge, in multimodal formats,
and utilizes DL models to identify highly accurate,
individualized learning pathways. The CNN is
fundamental when training the recommendation
model and uses the text content from the learning
resources as input data. The following is a
mathematical representation of the feature
extraction process:
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The objective function of the model is,

2
JU.V)=3(U Vi — ;)" + LU, +
LIVIL  (3)
The U matrix shows the association between users

and implicit variables, while V indicates the
correlation between learning resources and

implicit factors. The regularisation factor is used
to balance the strength of the constraint and
fidelity terms in the objective function. The
assessment data is transmitted by the i —th
learner to the j—th learning resource. This
technology supports an impartial, documenting,
real-time attendance measure and feedback during
the entire academic process. Nevertheless,
constraints, such as lack of standardization, data
scarcity, and challenges of scalability diminish the
validity and effectiveness of these systems in
different twist learning environments [13].

2.1.2 Natural Learning Processing

NLP improves OBE by mapping Course Learning
Outcomes (CLOs) to Program Learning Outcomes
(PLOs) using automation. This NLP system uses
tokenization, vectorization, and cosine similarity
to detect semantic relationships between CLOs
and PLOs while significantly reducing human
error and increasing accuracy. This NLP
framework enables accurate evaluations of
educational programs in ways that align with
accreditation standards. One of the issues with the
application of NLP in educational settings
includes challenges in appropriate parsing of
context related terms or the obscured variation of
instructional text, leading to unreliable linking or
feedback [14].

2.1.3 Personalized Learning

In Al-based education systems, personalized
learning aims to adapt instructional content to a
specific learner profile. These systems utilize a
learner's data (e.g., academic progress, prior
knowledge, interaction patterns) to supply content
individualized to the learner. Personalization
through the use of predictive analytics
incorporates adaptive learning, deep learning, and
knowledge tracing to better tailor content as it
relates to individual learning profiles and tailored
needs. Al-based personalized learning enables
learners to achieve cognitive outcomes by
structuring understanding, demonstrating mastery
concepts and achieving improved academic
outcomes. Recommender systems introduce
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education learners with a sequence of learning
resources organized around prescribed cognitive
goals framed in terminology congruent with OBE
principles.  The complex challenge  of
personalization lies in the observed identification
of beneficial and preferred learner models in real-
time which takes us to sophisticated data
collection, and considerable computational
resources [15].

2.1.4 Vocational education based on OBE

Al-supported vocational education framework
based on OBE to satisfy the industry workforce
requirements. The framework demonstrated two
models, the Creative Vocational Education Model
(CVEM) which demonstrated the stages of OBE
in application, and the Performance Vocational
Education Model (PVEM) which demonstrated
outcome performance. Using Structure Equation
Modelling (SEM) the study established a
significant effect on Al capabilities to both
models, and CVEM's influence on PVEM. The
research supports the role Al has to offer in
assisting creativity and performance in an OBE-
based vocational education. However, the study
had limitations as the data collected from
vocational institutions in only the capital region,
and therefore it cannot be generalized. Various
institutions may use various approaches and
policies to implement Al and OBE. The research
did not take account the components relevant the
initial processes of the Al implementation and the
internal decision making of organizations.
Nonetheless, an important negative of vocational
OBE models is the limited ability to generalize
across different institutional contexts [16].

2.1.5 Data Analytics

Data analytics emphasizes equipping students
with the practical skills, analytical thinking, and
decision-making abilities required to extract
meaningful insights from data using Al
techniques. Al, which provides insights into
student performance, learning trends, and areas for
improvement, assists educators in making data-
driven choices by analysing massive gquantities of
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educational data. This approach focuses on clearly
defined learning outcomes, such as the ability to
clean, process, and visualize data and interpret
results to solve real-world problems. By
integrating Al tools like Python, and data
visualization platforms with an outcomes-based
framework, students gain hands-on experience in
predictive modeling, and intelligent automation.
Securing data privacy and compliance with
regulations in a world of large-scale educational
data is an important challenge [17].

2.1.6 Learning Analytics

Learning Analytics focuses on using Al-driven
data analysis to enhance educational effectiveness
and ensure that students achieve clearly defined
learning outcomes. In order to inform instructional
strategies and customise the learning experience,
learning analytics entails gathering and evaluating
data on student behaviour, performance, and
engagement. In an outcomes-based framework,
this approach helps educators monitor progress
toward specific cognitive, technical, and affective
goals. By applying Al techniques such as pattern
recognition, predictive modeling, and clustering,
institutions can identify at-risk students, optimize
curriculum delivery, and improve assessment
design. Data quality, ignoring or losing contextual
considerations, or being poorly informed on the
possible conclusions to be drawn limit the
meanings of learning analytics [18].

2.2 Affective Outcomes-Based Al Education

It focuses on shaping students' attitudes, values,
and ethical understanding in the application of
artificial intelligence. This approach goes beyond
technical proficiency by emphasizing the
responsible and human-centered use of Al
technologies. Learners are encouraged to critically
reflect on the societal, cultural, and moral
implications of Al systems, such as fairness,
transparency, privacy, and bias. Educational
activities often include case studies, ethical
debates, policy analysis, and reflection-based
assessments to cultivate empathy, social
responsibility, and ethical decision-making.
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Emphasizes theoretical understanding of Al
concepts like Gamification, Reinforcement
Learning.

2.2.1 Reinforcement learning

RL to support the improvement of students' CLOs
within an OBE model. A student-CLO matrix
constructed, and the student representations
grouped using bi-clustering (Bi-bit algorithm) to
identify students with similar patterns of
performance. Each bi-cluster mapped to a 2D grid
representing the RL environment, where the agent
begins its navigation based on the cosine similarity
between the student and bi-cluster vectors. The
agent provides recommendations for targeted
learning resources e.g., articles, videos, tutorials,
or books to improve deficient CLOs. The learning
use cosine similarity to determine initial state as,

. Cosine __
SM(st bic) =

3. CM ti 'Mb','
ie (s7 i)-M(bic,i) . (4)
VZiecM(stiy +/ZiecMbic,i)

Here, C represents a set of common CLOs shared
by student st, bi-cluster bic, and i represents an
individual CLO in C. M, ; represents student st's
CLO attainment marks in CLO i, whereas M
represents the column-wise average CLO
attainment marks of i in bicluster bic. The RL
model requires precise state representation and
tuned reward but also the ability to accommodate
complex, noisy, and sparse data present in
educational contexts [19].

2.2.2 Emotional Recognition Systems

In the Emotional recognition systems emphasizes
cultivating students' ethical awareness, social
responsibility, and emotional intelligence in the
development and application of facial recognition
technologies. This approach encourages learners
to critically examine the societal implications of
deploying  Al-based  facial recognition,
particularly concerning privacy, surveillance,
discrimination, and consent. Through activities
like ethical case analyses, role-playing debates,
and reflective writing, students explore real-world
issues such as racial bias in facial recognition
algorithms, misuse in authoritarian regimes, and

the psychological effects of constant monitoring.
The learning outcomes focus on fostering values
such as empathy, accountability, and respect for
individual rights. Students are expected not only
to understand facial recognition systems function
but also to appreciate the moral responsibility that
comes with designing and implementing such
technologies. The ethical implications of using
facial recognition in education include privacy
violations, potential bias, and the risk of emotional
misreading [20].

2.2.3 Gamification

The principles of outcome-focused education with
game-based learning strategies to enhance student
engagement, motivation, and achievement in
artificial  intelligence  education. In  the
gamification, it is presented to allow students to
organically explore and use Al algorithms through
cooperative and competitive events. In this
approach, game elements such as points, badges,
leader boards, challenges, and interactive
simulations are integrated into the Al curriculum
to support the mastery of clearly defined learning
outcomes. These outcomes may include
understanding Al concepts, applying machine
learning algorithms, solving real-world problems,
and demonstrating ethical decision-making.
Gamification encourages active learning and
persistence by making complex Al topics more
accessible and enjoyable. It also provides
immediate feedback and progress tracking,
helping students visualize their learning journey
and stay focused on achieving specific
competencies. By blending Al education with
gamification techniques, educators can foster
deeper understanding, collaborative learning, and
long-term skill retention in a dynamic, student-
centered environment. Gamification could lead to
a focus on extrinsic rather than intrinsic rewards,
reducing intrinsic motivation, and potentially
leading students away from deeper conceptual
understanding [21].

3. Goals and Challenges
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This section examines the outcomes of
implementing the OBE ecosystem and its goals,
challenges, and some recommendations to manage
these challenges.

3.1 Goals
3.1.1 Develop Industry-Relevant Al Skills

Equip students with technical competencies such
as data analysis, machine learning, deep learning,
and Al model development aligned with real-
world demands.

3.1.2 Ensure Mastery of Learning Outcomes

Focus on measurable achievements in cognitive,
skills, and affective domains to ensure holistic
development.

3.1.3 Enhance Problem-Solving and Critical
Thinking

Train learners to analyze complex problems,
design intelligent systems, and make informed
decisions using Al.

3.1.4 Encourage
Adaptability

Lifelong Learning and

Prepare students to continuously learn and adapt
to evolving Al technologies, tools, and
professional practices.

3.2 Challenges:
3.2.1 Rapid Technological Advancements

Constant evolution in Al tools, algorithms, and
applications makes it difficult to keep learning
outcomes and course content up to date.
Challenging to create measurable, clear, and
specific outcomes for higher-order skills such as
ethical decision-making and real-world problem-
solving.

3.2.2 Shortage of Skilled Faculty

Limited number of educators who have both Al
expertise and experience in designing and
delivering outcomes-based curricula. It requires
continuous,  performance-based  assessments

which are more demanding than traditional exams.
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3.2.3 Evaluation of Affective Outcomes

Assessing students’ ethical reasoning, social
responsibility, and professional attitudes is
subjective and requires innovative assessment
tools. [22-25]

4. Conclusion

This study highlights the synergistic potential of
combining OBE with emerging Al technology for
creating effective, learner-centered educational
experiences. By organizing curriculum and
assessment around explicitly specified cognitive
and affective learning outcomes, Al-enhanced
OBE assures that students gain theoretical
knowledge, practical skills, ethical awareness, and
adaptive thinking. The utilization of tools like DL,
PL systems, Gamification learning environments,
learning analytics, and RL helps students achieve
academic success, and prepares students to face
challenging real-world challenges. As Al evolves,
this framework provides a roadmap to developing
inclusive, sustainable, and industry-relevant
training models that prepare professionals for the
future digital economy.
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