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Abstract

Artificial intelligence (Al) has the potential toreptly facilitate student learning by providing gemalized instruction
tailored to each student’s individual needs andnkedge level. Although personalized learning is elydconsidered as
one of the most effective teaching methods, ithesen difficult to implement in traditional classms. In this context, Al
offers a viable alternative. Various Al tools noerform key pedagogical functions, such as diagmpsiarners’ knowledge
levels, recommending content and learning pathd,paaviding feedback and personalized learning dbaselearners’
profiles. Since these tools differ in their captile and personalize learning in different way®gyt should be applied
differently according to pedagogical purposes aadrier variables when implemented in educatiortehgs. This study
introduces five stages of Al-powered personalizatjounded in learning theories. These stagesité@ccount various
factors, including technological capabilities, lear characteristics, and curricular structurebatiementary, secondary,
and college levels. We further illustrate how thiége stages can be applied to language educatuifferent school levels.
Finally, we present the pedagogical implicationasifg Al in education and address the challertggiatust be considered
for its effective and equitable implementation.
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I.INTRODUCTION

In recent years, advancements in artificial ingelfice (Al) have begun to reshape various aspeetiugftion.
Although Al is still evolving, it presents emergingportunities that can support learners in mudtiphys. These
include diagnosing students’ current knowledge Ievproviding tailored support and feedback, getirgga
customized content and activities, and analyziagni@g progress. Personalization is the most paweffthese
capabilities, with the potential to deliver signdint pedagogical benefits to learners of divers&draunds.

Personalized learning has long been recognizedeasfdhe most effective instructional approachisvever,
despite its effectiveness, incorporating persoedliearning into schools has mostly been impraatiga to class
size, resource limitations, and cost. While Al catnreplace teachers, it offers a promising meansiti§ating
these challenges. Al-powered adaptive learningegyst and intelligent tutoring systems are reshaping
pedagogical practice by tailoring instruction te treeds of individual learners (Jose et al., 2025)eraging vast
educational datasets and machine learning methitbdse systems analyze learner characteristicsy prio
experiences, learning progress, and outcomes. Basélis information, Al systems provide dynamiatamt
recommendations, targeted interventions, and adatic adjustments (Jian, 2028aghsudi et al., 2021; Sasikala
& Ravichandran, 2024). While their efficiency arffbetiveness in promoting learning still dependlogir design
and implementation, recent Al-driven personalizatiyystems build on earlier adaptive and intelligetdring
approaches by enabling more scalable delivery lenibfe feedbackBang & Lee, 2024; Jose et al., 2025; Joshi,
2024).

Al can also bring numerous pedagogical benefilanguage learning. It can generate an endless &mbun
reading material, questions, and exercises tailtwddarners’ language proficiency levels and ietés. Al can
assist with writing, correct lexicogrammatical escserve as a conversational partner for spegkiactice, and
respond to learners’ specific questions aboutahguage (Lee & Jeon, 2022. With Al tutors, studeats learn
English anytime, anywhere. Furthermore, practidgmnglish speaking with Al partners greatly redu@@mluage
anxiety (Jeon et al., 2023). Finally, Al-powereddaage learning platforms can foster intercultaoahpetence
by exposing learners to diverse linguistic and walt contexts through simulated dialogues and autithe
materials (Godwin-Jones, 2023).

However, the presence of Al in classrooms does augbmatically ensure meaningful learning. Its
effectiveness depends on thoughtful instructioealgh that aligns technology with pedagogical gaatslearner
needs. Given the wide range of Al applications,catlors must consider each technology’s unique @dfoces
relative to specific learning objectives and studeopulations. Critical factors that shape the sascof Al-
powered personalization include learner charatiesisuch as prior knowledge, developmental staggnitive
styles, and motivational states (Jian, 2023). Sirlyil curricular complexity varies across educadlostages,
requiring different levels of Al sophistication. &iefore, Al must be deliberately adapted to edanaticontexts,
curricular frameworks, and learner diversity. WHhileoffers opportunities, it also introduces chaties and risks.
These include concerns over data privacy, algoithnas, and the potential to widen the digitalidé/(Bang &
Lee, 2024, 2025; Sha et al., 2021). This study explores two reseauwbstions: 1) How can Al-powered
personalized learning be mapped according to neltipctors, such as learner variables and curnioulu

differences? and 2) What are the pedagogical imtiins and challenges of using Al in education?
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. LITERATURE REVIEW

1. Learning Theories and Educational Technologies

Instructional methods and educational technologreduding Al, can be aligned with and categorizad
learning theories. Behaviorism views learning gsacess of stimulus and response, in which desiebdviors
are encouraged through consistent reinforcemerinig€k 1968). The earliest phase of educationdinelogy
was firmly rooted in behaviorist principles, empizagy observable behaviors, repetition, and reicéanent.
Computer-assisted instruction in the 1970s folloveedimilar pattern, using drill-and-practice softevao
reinforce correct responses and correct errorthisnrapproach, technology merely served as a stisatdsponse
delivery mechanism, and learning was measuredéwtburacy and speed of responses (Burton e0Dél,) 2

As coghnitivism gained influence in the 1980s an@09 educational technology shifted toward modeling
learners’ internal mental processes rather thanakeernal behaviors. Cognitivism focuses on leashcognitive
processes, such as memory and rekalining styles; and previous knowledge and background information, all
of which can influence learning. Accordingly, cotivism-based technologies emphasized how learrogysie,
process, and store information. These technoldg@sed on metacognition, schema development, ientdgm-
solving skills rather than rote memorization. Ofiehe most widely used approaches is the intelligetoring
systems (ITS), which employs learner models torliag misconceptions, provide learning support, atapt
feedback to individual needs (Anderson et al., J9¢lailtimedia learning environments that integrabet, images,
and audio also play a significant role in this agmh by managing cognitive load and supportingniear with
different learning styles (Mayer, 2001). These giptes have been further validated by recent |agme studies.
For instance, Steenbergen-Hu and Cooper (2014)tezpthat intelligent tutoring systems significgnthprove
conceptual learning and problem-solving.

Since the late 1990s, constructivist perspectiee® Ishaped collaborative and authentic learninga@ments
(Jonassen, 1999; Vygotsky, 1978). Since core temfetonstructivism include interaction, collabooati self-
directed learning, active learning, and knowledgestruction, educational technologies have evotaeedcilitate
self-directed, inquiry-based learning, project-loaaetivities, and authentic assessment (Kim & H&nn2011;
Tam, 2000). These technologies include interadfited 2.0 tools, learning management systems, anctigive
virtual environments that support situated learngagial interaction, and knowledge co-constructiRecently, Al-
powered platforms, virtual labs, and metaversedealsssrooms have extended constructivist pringipjesnabling
learners to engage in real-world problem solvinghimi interactive contexts, often with real-time ptiee
scaffolding and peer collaboration tools. Empiriiadlings also highlight the effectiveness of seclvironments.
For example, Lee (2025) and Lee and Ahn (2025)rteddhat metaverse-based language learning emvéots
enhance social interaction, learner agency, andteil communication. Jeon et al. (2023) and Leelaad (2022)
demonstrated that Al promotes learners' communiakills by facilitating interactive and authenti@logue, as

well as providing more opportunities for meaningaigtion.

2. Al in Education
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Al in education can support the learning theorissussed in the previous section. From a behatvioris
perspective, Al can replicate and improve upon #pproach by providing immediate feedback, autochate
reinforcement, and personalized practice lodpsifies et al., 2022; Luckin et al., 2016). For example, AI-driven
quiz systems analyze student errors and autonigtiga@inerate additional practice problems that targe
weaknesses. These systems ensure repeated exposltiee correct behavior is formed. In this cotél is
most effective for skill acquisition and acts asemforcer by automating drills, feedback, and ficac In the
context of language learning, Al systems can geeergensive materials for reading, vocabulary, gir@dnmar
practice, offering learners continuous accessitis dnd exercises. Al systems can also providelspg practice
through automated prompts, enabling learners tearsle and reinforce oral skills.

Cognitivism focuses on mental processes, such@stiain, memory, and schema development (Anderson e
al., 1995; Mayer, 2001). Al supports learning within this framework by modeling cognitive states and scaffolding
knowledge acquisition. Al-driven adaptive e-leamplatforms adjust the pace and sequence of lesgibhis
this framework to reduce cognitive overload and aggnthe balance between challenge and learneritagdc
enhances cognitivist instruction by adapting contdgnamically to learners’ mental processes, enguri
knowledge is processed and stored efficiently.aimgliage learning, cognitivist approaches consiekemers’
characteristics, learning preferences, and prionitedge, providing learning materials and actigitecordingly.
For instance, adaptive reading platforms graduialisoduce new vocabulary in familiar contexts t@mpote
schema development and long-term retention. In itegsh theory, Al acts as a tutor by diagnosing
misconceptions, adapting the sequence of informatimd scaffolding the processing of informatiomisT
ultimately helps learners understand concepts (Anderson et al., 1995; Ma et al., 2014).

Since constructivism considers the constructioknofwledge to be a key element of learning (Jonas€99;
Vygotsky, 1978), Al supports learning by facilitagi authentic, collaborative, and active learningegiences. To
this end, various technologies are employed. Iguage education in particular, Al-powered writirgsiatants
provide iterative feedback, encouraging learnengtiect on and refine their ideas. This promotetaTognition
and self-regulation. Al agents can also functioncakaborators or role-playing partners in languégganing.
Opportunities to practice English speaking aretéiohin English as a Foreign Language (EFL) situatibowever,
Al agents and chatbots greatly expand these opptetifor EFL students (Lee & Jeon, 2022). Al-éniwirtual
reality allows students to engage in simulatedweald environments where they can practice Enghigh an Al
agent (Lee et al., in press). Within the constuisttframework, Al acts less as a controller andavas a partner or
facilitator. This helps learners build meaning tigb interaction with the system and their peersther words, Al
functions as a knowledgeable peer within a zorpr@fimal development, co-constructing knowledgédnuéairners

and enabling them to surpass their current levahgBet al., 2024; Tran et al., 2025).
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II. FIVE STAGESOF Al-POWERED PERSONALIZED LEARNING SYSTEMS

Based on learning theories and prior studies (@mes et al., 2022; Luckin et al., 2016), we gatezed Al-
powered personalization in education into five stgagvhich are arranged by the breadth and integrati the
personalization functions provided to learners.hEstage is unique in terms of learning data, canpace, path,

and instructional methods.

1. Stage 1. Rule-based Personalization

At its most basic level, personalization reliesppadefined rules and static learner attributesh @iscage,
grade, subject, and preferences. This stage isljaltased on behaviorism. Systems at this stage offntent
recommendations, reminders, and basic goal-seitimgpts. However, they do not adapt in real tintés Btage
is more akin to rule-based automation, which resmammmon in learning management systems. For iostan
primary school student who selects “English” reesia set of age-appropriate reading materialsdixes not
adapt based on prior performance. Key functiomslitit this stage include recommending learningecitased
on keywords selected by the learner, offering lis@rrtontent and activities according to predefiteatning
objectives, and providing automated study remind€@mmon examples of this stage in language legrnin
include drills and practice for speaking, vocabylarning sets, and grammar learning materialdifedgrent
difficulty levels predefined for each grade levitlshould also be noted that rule-based personaizaan
sometimes malfunction due to overfitting or corftig rules. This issue can be mitigated by impletimgnrule-
specific testing and a teacher feedback loop.

The following are examples of Al educational toolsStage 1:

. Starfall (Phonics): Launches the same activity veven a letter or word is clicked.

. BBC Bitesize (Language Section): Delivers contemédal on the learner’s grade level and subject

selection.

. Oxford Owl (Early Readers): Assigns fixed-level pfes and reading texts solely based on grade band,

not real-time mastery.

2. Stage 2: Data-driven Personalization

The second stage involves personalization driveddscriptive analytics or basic machine learningliad
to learner performance records, activity patteans, preferences. At this stage, systems can aiffistilty levels,
recommend content sequences, and adapt schedolingté based on historical learner data. For exanifph
student repeatedly struggles with specific equatitime systems will automatically assign targetegtice sets.
Key functionalities at this stage include analyzétgdent performance and learning pace to provedsomalized
recommendations. For example, the systems canrprggestion types that were previously answerearnectly
until mastery is achieved. These systems can atiwata adjust difficulty levels based on studengsiz results

or learning outcomes. Additionally, they analyzedsttime and activity logs to modify learning schkx and
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optimize how and for how long students engage wititerials. The systems also provide customizedeoont
recommendations by analyzing user preferenceseardihg patterns. For instance, they can determivether
learners respond better to video- or text-baseduictonal materials and adjust content delivergoadingly.
The following are examples of Al educational toolsStage 2:
. Blue Canoe: Analyzes learner pronunciation to idgntveaknesses and provide targeted practice
exercises.
. Newsela: Delivers the same article at differentliieg levels based on the learner’s assessed Lexile
score.
. Busuu: Recommends practice and activities basdeasners’ past performance data.
. Memrise: Adjusts review frequency and item diffigubased on learner accuracy history and spaced-

repetition metrics.

3. Stage 3: Adaptive Al-powered Personalization

This stage introduces sophisticated systems witbrakadvanced capabilities. Al algorithms analgzgning
patterns in real time, automatically recommendimgtent to address knowledge gaps or reinforce weakepts.
Natural language processing (NLP) allows Al tutorsespond immediately and contextually to studiemtiries,
creating a more interactive and responsive learamgronment. These systems can detect challerggingepts
automatically and provide supplementary lecturesctie problems, or alternative explanations taidao each
student’s needs. They also offer interactive leayrassistance via Al-powered conversational feddbgstems
that engage students in meaningful dialogue albmit progress and provide personalized guidancgailing
language learning, real-time speech recognitioralgéipes allow for immediate pronunciation corriect and
targeted language learning support. These capeabilprovide instant feedback on verbal and written
communication skills, thereby enhancing the devalept of linguistic competency. However, in thisgstaif Al-
powered conversational feedback does not suffigiemtalyze learner competencies and preferencegtiad
content delivery may fail. This makes it difficutt detect diagnostic errors. Implementing systeatuies that
establish criteria and conditions for student cotmpey development can enable online calibration nwhe
necessary.

The following are examples of Al educational toolsStage 3:

. ELSA Speak: Uses Al speech recognition technologyrovide instant pronunciation feedback.

. Lingvist: Tracks vocabulary usage and recommendswerds or grammar patterns tailored to the
learner.

. Duolingo: Analyzes students’ learning outcomeseial time and provides language learning content,
practice, and feedback using the adaptive learsystem.

. Grammarly: Delivers real-time, context-sensitivedback on grammar, vocabulary, and style using
NLP.

4. Stage 4. Emotion-awar e and Autonomous L ear ning Adjustment
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This stage incorporates cognitivism and constristtivto some extent. In Stage 4, Al employs affectiv
computing and multimodal sensing to monitor leasregagement and emotional state. This technoldgygriates
facial expressions, voice tone, and physiologieahdo autonomously adjust the learning plan. kanele, Al
can use webcam and heart rate data to detect dedrattention and then transition to an interadivie format
while providing a motivational message. These systgo beyond basic attention detection by incotpaya
comprehensive biometric monitoring through eye nmeeet tracking. This allows for a more precise eatiin
of cognitive load and focus patterns. Al can reéogmrlevated stress indicators and autonomoustnmeend
breaks to prevent burnout and maintain optimahliearconditions. At this stage, Al also featureapati/e pacing
mechanisms that automatically reduce content volamadepivot to review-focused activities when faiguatterns
emerge. This ensures sustained engagement withgnitiwve overload.

Regarding language learning, since language anisetysignificant barrier to speaking a foreignglaage,
emotion-aware Al technologies can lower studenggiative emotions, such as anxiety, frustration, stness,
while cultivating positive emotions, increasing mation, and fostering a willingness to speak whglarning a
language (Chen et al., 2025). However, this stétieesnains largely experimental due to challengesmotion
recognition accuracy, privacy issues, and cultbras. In addition, since content for language etiocaan be
distributed globally via the Internet and emotiomaae Al technologies often display biases acrofferdnt
demographic groups, potentially limiting their etqbie application, this stage should also be evadlizn terms
of its cross-cultural validity.

The following are examples of Al educational toolsStage 4:

. Affective AutoTutor: Detects confusion, frustratiar boredom through analysis of facial expressions
and behavior, and adjusts explanations, hintsaoe @ccordingly.

. EMOTE Project: Uses vision, audio, and posture gaitn to detect emotions and offer praise or
change activities to re-engage the learner.

. MindSpark (advanced pilot): Combines performancea dsith webcam gaze tracking to detect

disengagement and insert gamified breaks befotemiag lessons.

Starting at Stage 4, systematic monitoring is negsAl must be able to detect bias in emotiolgedion
because inaccurate results can have an inappmgdrigiact on student competency analysis and content

recommendations.

5. Stage 5: Fully Integrated Al mentor

The fifth and final stage is an aspirational, hyghitegrated Al system that serves as a long-te@mnning
partner. Combining academic personalization (Stagd$ with goal-setting, metacognitive coaching] aareer
guidance, it supports learners in achieving thamgiterm goals. The system promotes reflective tjpes to
improve self-regulation, suggests projects thaaliith learners’ interests, and adjusts learniatg according
to long-term goals. For example, a student asptoraycareer in language education could receiigagae from

an Al mentor for several years. The mentor woutthnemend coursework, project-based activities, asdarch
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opportunities.

While there are existing prototypes, such as GHiaded tutoring systems, no current solution fudlglizes
Stage 5’s vision. Comprehensive systems in Staged design and continuously refine multi-yearrihdag
plans tailored to specific long-term objectivegtsas college admission requirements or profeskiantfication
pathways. The Al mentor would make ongoing adjustihéased on the student’s evolving performance and
changing aspirations to ensure the learning plamairs aligned with the student’s personal and gsifmal
development goals. Additionally, the system coelcbmmend project-based learning activities thatliverreal-
world problem-solving scenarios, requiring languéggeners to integrate communication, critical kirig, and
collaboration skills. These tasks would encouragerlers to move beyond formulaic expressions idigmgnd
use language more spontaneously, creatively, antéxtoally. The Al would also function as a metatitige
coach, by providing tools and frameworks that h&tipdents analyze and optimize their learning psE®s
Ultimately, this would foster greater self-awarenaad autonomous learning capabilities that extendeyond
traditional academic boundaries. This function cahivate students’ self-regulated learning, ermablihem to
monitor and correct their own language errors (12623).

The following are examples of Al educational toolsStage 5:

. Khanmigo (Khan Academy): Provides personalized ewad support to students and lesson-planning
assistance to teachers.

. MentorAl: Allows learners to configure and trainethown Al mentor, which is tailored to their
personal goals and learning style and provides ioggeedback and guidance.

. Century Tech: Builds long-term learning profileslgliver personalized roadmaps and feedback across

multiple subjects.

In order to reach Stage 5, more research is nesnléobics such as the collection and analysis oftslerm
and long-term data, the corresponding privacy gtate system, the accountability of Al mentors &ci$ion-
making, and the distribution of authority betweetu@ators and learners. The five stages of Al-podiere
personalization are characterized by distinctiv@uees across learning data, learning contentnilegpace,

learning path, and instructional methods, as sunzedin <Table 1>.

Tablel
Five Stages of Al-powered Personalization in Edoocat
Category Stage 1 Stage 2 Stage 3 Stage 4 Stage 5
Learning  Behaviorism Still mostly Cognitivism Cognitivism + Constructivism
Theories (involves fixed  behaviorism (involves real-  Constructivism  (offers Al as a
stimulus— (analyzes learner time diagnosis in part partner/mentor,
response, performance of cognitive (considers supports self-
repetition, data, adjusts states, schema cognitive, directed
identical rule- difficulty) formation, emotional, and learning, long-
based responses) knowledge motivational term goals,
structuring) states) reflection)
Learning  Basic learner Learner's past Real-time Contextual and Comprehensive
Data information performance analysis of environmental  learner profile
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Learning
Content

Learning
Pace

Learning
Path

Instructio
nal
Method
(Al
Collabora
tion)

(grade level,
gender,
performance,
etc.)

Use of
standardized,
non-adaptive
drills and
materials

Pre-set pace
determined by
the instructor

Selection within
a predefined
curriculum

Uniform
instruction with
teacher-
controlled
difficulty

data, predefined learning patterns awareness (e.g., (e.g., goals,

preferences, and using advanced

activity logs Al (deep
(descriptive learning, NLP,
analytics, basic real-time
ML); historical  tracking)

learner data Continuously

(e.g., quiz updating learner
scores, Lexile model with real-
levels, time inputs (e.g.,
pronunciation participation,
error logs) speech
recognition,
dialogue
interactions)
Difficulty Generation of
adjustments tailored practice
based on past materials based
learning on real-time
performance responses

Pace adjusted  Automatic, real-
through analysis time pace

of past modification
performance and

patterns

Branching based Real-time

on learner reconfiguration

performance of the learning
path

Assignment Real-time

recommendation feedback and
s based on scaffolding
learning

outcomes

learning
environment:
device, location,
emotional state

detected through

environmental
cues) and
multimodal data
(e.g., various
biodata,
affective/behavi
oral signals)

Emotion- &

preferences,
learning style,
metacognitive
data)

Targets long-

context-sensitive term, holistic

conteng context-
appropriate
learning content

Context- and
bio-informed
pace adjustment

Path adjustment
reflecting
contextual and
affective data

Context- and
affect-sensitive
personalized
instruction

goals,
personalized
problems and
content aligned
with learner
goals
Autonomous
pace control
aligned with the
learner profile
and long-term
goals
Personalized
learning
pathways
aligned with
short- and long-
term learner
goals
Individualized
learning plans
with Al
collaboration
and automation

IV. DIFFERENTIATED Al

STAGES

1. Cognitive and Emotional Development

FUNCTIONALITIES ACROSS EDUCATIONAL
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Implementing Al-powered personalization in eduaatiequires careful calibration to align with stutien
developmental stages. Different stages of educdtare distinct cognitive and emotional charactiessthat
necessitate different technological approaches. éxample, the degree of student autonomy and legrni
motivation changes significantly across stageschvistrongly influences learning at each stage. fbeg, Al
systems must adapt their supportive roles accordingly (Dignath & Biittner, 2008; Ward et al., 2025).

During their elementary years, children are in iticed phase of cognitive development characteribgd
concrete operational thought (Bjorklund & Caus@&l 2). During this period, their thinking becomesreniogical
yet remains tied to concrete, observable situatiBn®tional stability plays a decisive role at tsiage because
children have a strong need for encouragement asdiye reinforcement, which directly influenceseith
persistence in learning (Wang & Oyam, 2024). Leggrat this age is best supported by play-baseditesi and
storytelling that capture their natural curiosRggarding language learning specifically, childmerst effectively
acquire vocabulary and basic sentence structureagh songs, games, and stories that integrateingeaith
repetition (Pinter, 2017). Additionally, elementatydents are typically under close supervisiomfparents and
teachers, and extrinsic rewards and praise aretiefemotivators (Mueller & Dweck, 1998).

Secondary school marks the beginning of adolescentime of significant cognitive and emotional rbes.
During this period, students begin to demonstrdt@aced abilities such as abstract thinking, compteblem-
solving, and critical reasoning. These abilitielwl students to engage with complex learning mateaind
experiment with various study methods. Additionadlgcondary education is a transitional periodrduvihich
students gradually develop self-directed learniagabilities. Adolescents increasingly demand inddpace,
and at the same timegcial interaction and collaborative learning become important (OECD, 2025; Xie et al.,
2022). Therefore, peer norms and teacher suppotince to play significant roles (Steinberg & Moaah2007).
During this period, learning requires greater atiedy depth and adaptive feedback mechanisms #matespond
flexibly to students’ rapidly changing needs. Ire tbontext of language learning, adolescents caagen@n
complex communication tasks such as debates, piogesed learning, and various types of essay wriflinese
tasks require higher-order thinking skills in aduditto basic language skill acquisition.

Students in higher education typically exhibit citige maturity, advanced self-directed learningdan
autonomous goal setting (Mallillin, 2024). At thitage, students are expected to engage in dissipfiacific
academic writing, complex research projects, anfegsional communication tasks that demand inteigcigor
and specialized skills. In addition to performaoncécomes, higher education requires cultivatingacagnitive
skills such as monitoring and regulating learnitrgtegies, managing stress, and maintaining rast#ien the

face of rigorous academic demands (Holmes et@22p

2. Learning Objectivesand Curricular Complexity

Because students’ cognitive and emotional stataéfésr across educational stages, the complexity of
educational goals and curriculum structures vagewell, requiring different levels of Al sophistton. At the

elementary level, educational goals focus on agwuifoundational knowledge and developing basicrieg
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habits (Ningsi & Hartono, 2025). In other wordsinpairy schooling is geared toward basic academitsgbat
enable lifelong learning, such as understandingdational concepts and developing social skillsdaperation
and play. The curriculum is relatively simple atdistured, emphasizing literacy, numeracy, andgirgttve skill-
building, and elementary education generally festuhe lowest level of curriculum complexity (Bé&garet al.,
2024). In terms of language learning, it is ess¢nt develop foundational literacy skills inclugimeading
comprehension, writing, and oral communicationhiis £ducational stage.

Secondary education introduces greater complexity agnitive demands. During this stage, studergs a
encouraged to achieve proficiency in subject-spedifiowledge across core disciplines, as well ageldg
analytical and critical thinking skills for solvirgpmplex problems (Cipra & Dermer, 2022). They sition from
acquiring surface-level knowledge to developingeep conceptual understanding, as well as probldwngo
skills (Reeve & Cheon, 2024). Differentiated anédalized tracks (e.g., STEM or humanities) beconoze
common, as does preparation for assessments ame fcareer paths. As students encounter more abstra
concepts and theoretical frameworks, secondaryatiuncintroduces intermediate complexity. The auitm
structure allows for greater student choice anépasdence while still providing significant guidariteeuwen
& Janssen, 2019; Reeve & Cheon, 2024).

At the higher education level, students are exgettteengage in advanced, discipline-specific leaynihis
type of learning requires independent inquiry,icait synthesis, and the creation of new knowleddp highly
flexible curriculum allows for student-directed ppafys that align with personal and professionalraspns.
Complex thinking development is central to highdueation and is best fostered through learningaies that
address real-world challenges and promote systandcinnovative problem solving (Ramirez Montoyalet
2025). The curriculum structure is highly flexilzed student-directed, demanding significant autghand self-
regulation.

In general, learning goals and objectives shoulddsponsive to students’ cognitive and socio-aiffect
development, as well as their various needs. Quma structures differ across school levels, beogmi
progressively more complex at higher stages. Ténelbpmental trajectory highlights the importantalmning

instructional design and support systems with le@'revolving cognitive, emotional, and social capes.

3. Recommendations for School L evels

Since learning goals, objectives, curricula, aratrer characteristics vary by educational stageyased
personalization should be tailored accordingly. #ementary students, maintaining engagement wigéractive
elements and providing consistent positive feedl@ekessential for fostering confidence and hedéhyning
habits. Due to the underdevelopment of self-regdldearning at this level, Al technology functiomsst
effectively as a supplementary tool that sparksrgdt and helps establish foundational learningwaebhs rather
than offering independent guidance or complex daeimaking support. In the realm of language laagnAl
can enhance this process further by offering ictera dialogues, pronunciation practice, and peaiped
feedback, making early language learning engagidgcanfidence-building (Pinter, 2017).

For secondary school students, Al systems shoulkesa balance between supporting autonomy and

providing appropriate guidance. Specifically, th&yould provide more sophisticated learning analgsid
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adaptive feedback to encourage independent thinkirigle offering safety nets to prevent studentsnir
becoming overwhelmed by their expanding resporisdsl (Shao et al., 2023). In addition, Al systesheuld
facilitate group activities and provide emotionapport that acknowledges and addresses the comsplgal
dynamics of this age group (OECD, 2025; Xie et al., 2022). Regarding language learning, Al can bolster learnin
activities by simulating authentic conversatior@rsarios, facilitating collaborative tasks, ancedfig adaptive
feedback that reinforces linguistic proficiency antércultural awareness (Reinhardt, 2019).

For higher education students, Al can support theieds by offering personalized academic and career
guidance aligned with their goals. This guidangedly influences students’ motivation and fututenming by
helping them connect their current learning withittong-term aspirations. In language learningcéh serve as
an intelligent assistant, offering real-time feedban speaking and writing, as well as adaptivglage training
tailored to academic and professional contexts @ deon, 202; Sajja et al., 2023).

Specifically, we can apply the school levels to five stages of Al-powered personalization. In $tdg
elementary school students first acquire foundaticoncepts through rule-based learning. As stwdadvance
to middle and high school, they require broadeijestibchoices and more diverse individual learninglg,
necessitating a more fine-grained approach to oowkelivery. For elementary students in Stage dntaming
motivation and interest is paramount, so Al shadijuist task difficulty and formats based on basidgrmance
data. In secondary school, this stage is criticaldstablishing individualized learning patterns dnalyzing
achievement data and recommending optimal conkmthigher education learners, Stage 2 personializat
emphasizes performance analysis to support adaptactice and goal-oriented learning strategiegamnous
academic areas.

In Stage 3, at the elementary level, Al should foon fostering comprehension and engagement through
interactive feedback. At the secondary school leselshould provide deeper, real-time analysestad to
specific learning objectives. These analyses caiggnose misconceptions and supply targeted remnzuia
Stage 4 should be applied across all levels of dofp since emotional support and stress and anxiet
management are critical for learners of every &geinstance, Al can detect fatigue or frustratiasjust pacing,
suggest breaks, and provide motivational feeddacktage 5, at the elementary level, Al shouldumartreativity
and curiosity through exploratory and project-baaetivities. For secondary school learners, Al $thaptimize
individualized learning strategies while graduatyengthening self-regulation. In higher educatidnshould
offer a full range of learning support servicegtsas career exploration, long-term planning, aedtaring for
post-college pathways. <Table 2> summarizes thécapipns of Al-powered personalization stagesdifferent

levels of schooling.

Table2

Five Stages of Al-powered Personalization for Sthevels

Stage Elementary education Secondary education Higher education

(Key Learner  « Foundational knowledge & « Conceptual understanding & « Diverse learner profiles with
Characteristics)  habit formation problem-solving specialized goals
 Play, storytelling, interactivity ¢ Growing autonomy, peer « Advanced mastery &

« Need for external motivation  influence, exam/career independent research
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1 .

2 .

& emotional support

Content based on age and
grade (e.g., multiplication
basics for Grade 3)
Recommendations by
subject/topic

Fixed vocabulary lists by
grade level for foreign
language learning
Rule-based phonics or basic

pronunciation drills

Analyze learning speed and
error patterns to recommend
exercises

Recommend content by
learning style (visual,
auditory, experiential)
Gamified reward system to
boost motivation

Adaptive word review based
on errors in spelling/meaning
Data-driven recommendations
for listening comprehension
clips

Real-time feedback based on
comprehension analysis
Voice recognition tutor for
pronunciation correction
Reading ability analysis with
book recommendations

Al storytelling companion for
language dialogue practice

Emotion/voice analysis to
adjust content style
Game elements added if
fatigue detected

Detect frustration during

pressures ¢ High autonomy & career

« Transition to self-regulation planning

« Content recommendations « Recommendations by subject
based on learning history and career track

« Progress tracking along the < Standardized academic skill
fixed curriculum, suggesting  modules (e.g., academic
advanced modules writing basics)

« Automated reminders and
notifications based on fixed
schedules

« Predefined grammar practice
by level

Rule-based reading passages

for L2 learners

« Performance analysis by « Adaptive practice for various
subject to suggest review subjects, including language
materials learning

< Automatic provision of extra « Personalized vocabulary sets
resources for weak concepts for academic writing

« Adaptive grammar drills for < Data-driven recommendations

frequently missed items for L2 proficiency exams

Personalized reading
comprehension passages at

different Lexile levels

« Answer analysis with « Automated concept
explanations tailored to explanations through Q&A
mistakes systems

¢ NLP-based Al answers « Strategic study
student questions recommendations for

 Al-driven adaptive test university goals
preparation « Real-time dialogue simulation

» Adaptive essay scoring with  in the target language
feedback on « Adaptive writing suggestions
structure/grammar for academic writing

* Mode change upon detectinge Stress/anxiety analysis to
low concentration adjust learning strategies

» Encouragement messages via Emotion-aware Al mentor to
emotional analysis monitor workload

* Peer-collaboration support « Switching to peer dialogue
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speaking practice and switch ~ with emotion monitoring simulations when learner
to easier prompts * Emotion-aware adjustment shows disengagement
« Encouragement messages to  when learners hesitate in L2 « Support for public speaking &
reduce foreign language speech presentations in L2
anxiety « Supportive feedback to
sustain motivation in

grammar/writing tasks

5 e Learn the student’s long-term ¢ Long-term learning plan « Discipline- and career-specific
style and set goals design with goal adjustments L2 mentoring (e.g., business
« Recommend creative activitiess Content for career English, academic publishing)
based on interests exploration « Personalized essay and writing
* Mentor-guided reflective ¢ Recommend debate or role- support
journals in a second language play projects in L2 ¢ Long-term mentoring for

« Guide multi-year language academic/professional L2
portfolio development writing and speaking

Overall, higher levels of schooling tend to useedastages more frequently due to greater curriculum

complexity, but each stage can be applied acrédsvals, as shown in <Table 2>. Curriculum comjileis a
strong predictor of the minimum Al stage requiradd as students advance to higher levels of scitnaAl
integration shifts toward fostering more compleXitis. This progression highlights the importardeligning
Al functionalities with learners’ cognitive develmgnt to promote meaningful growth at every staged@kson
& Krathwohl, 2001; Holmes et al., 2022; Luckin et al., 2016).

However, it should be noted thiiere is often a discrepancy between the goald-stipported education and
how it is implemented across school levels. Ide#tlg cultivation of higher-order thinking skillsich as critical
thinking, problem-solving, and creativity, shoulkeldin early. In practice, however, Al-powered pesdimation at
the elementary level primarily supports lower-ordlginking skills, such as remembering and undeditan
Furthermore, emotional and motivational needsfju#tie use of higher stages, even for younger karfVistorte
etal., 2024; Yaseen et al., 2025). Thus, school levels do not need to be confined to a siaglge of personalization.
For instance, an elementary student with anxietydcbenefit from Stage 4 emotional recognition, levlai gifted
middle school STEM student could thrive with Stagenentorship for project-based learning. Similaity,
language learning, Stages 1-3 are generally mgebppate for skill acquisition, while Stage 4 shbie
integrated to foster emotional resilience and eegant and reduce language anxiety and stresd geagroups.

Therefore, stage selection should be goal-drivérerghan strictly age-driven.

V. CONCLUSION

The current study explores Al-powered personalilining in five stages. It is significant becalise
considers multiple variables, such as learnershitivg and affective factors, curriculums acroskost levels,

and the different affordances of Al technology. &h®n these stages, we suggest how to apply eagé &i
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different school levels to benefit from Al in edtioa. Al has the potential to significantly enharstedent
learning in various ways. In particular, its alyilito address the needs of individual learners asld/et
personalized learning experiences can help teaelchisve effective instruction. As Al is flexibledadaptable,
it can be aligned with different learning theorigem behaviorism to constructivism, and applietbas various
stages of personalization depending on instructigoals.

Building on this flexibility, teachers play a cesitrole in guiding how Al is integrated into eduoat Their
responsibilities as curriculum and instructionadigaers are becoming increasingly critical. Crugjsihey should
avoid a “one-size-fits-all” approach to Al. Instedldey must thoughtfully integrate Al functions tlaign with
learners’ developmental and cognitive readinesi &hsures that Al supplements, rather than repldeeman
scaffolding. For younger learners, teachers camuisebased and metadata-driven Al tools to promuévation,
curiosity, and foundational skills. In contrasteyhcan help higher education learners benefit femtaptive,
emotionally responsive, mentor-like Al systems thgiport complex learning objectives and caregoaragion.
Ultimately, the integration of Al in education hesdefined the role of teachers. As Al takes ovechmaof the
instruction and assessment process, the role dii¢esihas shifted from being the primary sourckenofvledge
transmission to becoming facilitators and orchéstsaof human-Al interaction. This new role emphasithe
importance of pedagogical judgment in determinitngevto use Al-driven feedback versus human intdimen

Although Al is innovative and revolutionary in edtion, it can also be disruptive. For example, &s A
becomes more prevalent in the classroom, studeayslbracome overly dependent on it. To prevent tiis,
powered personalized learning must be designegstais student engagement, enhance learning motivaind
foster continuous interaction. Second, using Al misgler students’ development of higher-order thiglskills.
Hence, instead of merely providing immediate ansveerd solutions, Al-powered learning systems shofitt
learners opportunities to explore, reason, andesptoblems independently. This will further helpctdtivate
students’ creative and critical thinking skills. ifich while Al can offer adaptive scaffolding, insttion, and
feedback, it struggles to replicate the warmth, @myp and nuanced emotional support that humarhéesc
provide (Bejarano & Coronel, 20256iu et al., 2025). Social-emotional learning isegplly important for young
learners. Therefore, rather than replacing teacliteisscrucial to enable learners to engage inas@motional
learning with the guidance of human educators amtegAl technology. This ensures that young leardernot
view Al as a cold substitute for human interactibaot rather as a supportive tool within a caringadional
ecosystem.

Most importantly, as Al becomes more deeply embéddesducation, cultivating learner agency and-self
directed learning becomes indispensable (GodwimsloP024). Learner agency involves the capacitna&e
choices, take initiative, and regulate one’s ovamrieng process. Self-directed learning emphasizgagongnitive
awareness, goal setting, and persistence (Bandura, 2001; Zimmerman, 2002). Without these qualities, students
risk becoming passive recipients of Al-generatedmemendations rather than active constructors oiedge.
Therefore, teachers need to intentionally desigrodpnities for students to reflect on their leamstrategies,
set personal goals, and use Al feedback as a @sdor deeper engagement. When students are seggart
cultivating agency and self-regulation, Al becoragsartner in fostering autonomy, critical thinkirgd lifelong
learning skills, rather than merely a delivery matbm (Holmes et al., 202Ruckin et al., 2016).

Although Al is expected to promote educational ggoy offering personalized learning to all leas)eér may,
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contrary to expectations, exacerbate existing ddhre inequities through an Al divide, data andaaithmic
biases, inadequate infrastructure for Al-drivenitdiglearning, and a lack of Al literacy. Groupsthvifewer
resources or that are underrepresented may beéisadvantage when it comes to using Al, which fitther
increase existing disparities in education (Band.&e, 2024, 2025). These issues may be more préavialen
language learning, given the diversity of learrierierms of ethnic backgrounds, geographical diffiees, first
and second languages, and socioeconomic statuses (Baker & Hawn, 2022; Sha et al., 2021). These differences
have the potential to create more biases amongidmeglearners. It is thus imperative to considesehissues
when developing Al learning systems and infrastrectn order to proactively prevent potential harm.

As Al becomes more integrated into education, wg faae unforeseen challenges. To maximize student
learning and minimize potential harm, we must adoptilanced and cautious approach that acknowldtiges
opportunities and risks of Al. This applies to Eslgleducation as well. Numerous Al tools, includingchine
translation and generative Al, are prevalent inlEhgclassrooms (Le@023; Lee & Jeon, 2022). Furthermore,
recent studies have demonstrated that Al modethjding Large Language Models (LLMs), have appiaad
beyond basic text generation for conversationseflal., 2025). These models can provide learntaréa
contextual understanding and dynamic execution dhaseretrieval-augmented generation (RAG) and agent
architectures specifically for language learnirtgsdems infeasible to ban Al completely. Therefoeachers
should consider multiple factors, including leameéhe learning context, the curriculum, learnioglg, and the

affordances of Al. They must carefully navigate haxted territory to facilitate student learning.
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