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Abstract 
The evolving demands of modern K-12 education necessitate a fundamental 
reconceptualization of instructional architecture from fragmented, institu-
tion-centric delivery models toward integrated, data-driven learning ecosys-
tems in which schools, learners, and homes operate as a coherent unit. This 
paper examines the triadic relationship between the school, the learner, and 
the home as a structurally foundational, yet historically underutilized, config-
uration for sustained educational effectiveness. Drawing on Bronfenbrenner’s 
ecological systems theory, Vygotsky’s sociocultural framework, and construc-
tivist principles of knowledge building, the paper argues that the persistent 
disconnect among these three entities constitutes a systemic design failure—
one that manifests as diminished student engagement, delayed identification 
of learning difficulties, and suboptimal academic outcomes across K-12 con-
texts. To address this failure, the paper introduces and develops the concept 
of Artificial Intelligence as a Coordination Layer (AI-CL), a novel theoretical 
and architectural construct through which AI-powered systems mediate real-
time information flows, adaptive feedback mechanisms, and collaborative de-
cision-making among schools, learners, and caregivers. The AI-CL framework 
is distinguished from prior AI-in-education models by its explicit focus on 
triadic integration rather than isolated learner-system interaction. Through 
conceptual modeling and design-based reasoning, the paper delineates the 
functional components of AI-CL, examines its implications for K-12 pedagog-
ical practice and school leadership, and critically addresses the ethical dimen-
sions of AI deployment with minors, including data privacy under FERPA and 
COPPA, algorithmic bias, the digital divide, and the imperative of equitable 
design. The paper concludes by situating AI-CL within the broader trajectory 
of educational technology research and proposing a validation agenda for future 
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1. Introduction 

The architecture of K-12 education in most national systems rests on an implicit 
tripartite structure: the school as the sanctioned site of formal instruction, the learner 
as the primary recipient and constructor of knowledge, and the home as the am-
bient environment in which learning is either sustained or allowed to atrophy. De-
spite the intuitive coherence of this arrangement, decades of empirical research doc-
ument a persistent and consequential disconnect among these three domains. Schools 
generate extensive data about student performance but transmit it to families through 
infrequent, low-resolution channels such as quarterly report cards and biannual 
parent-teacher conferences [1]. Learners transition daily between two environ-
ments—school and home—whose epistemic cultures, behavioral expectations, and 
informational resources are rarely aligned. Parents, even those who are highly mo-
tivated, operate with informational poverty: they know comparatively little about 
their child’s moment-to-moment academic state and are therefore ill-positioned 
to provide targeted support [2]. 

While the structural dynamics of this triadic disconnect resonate across diverse 
national educational contexts, the evidentiary basis of this paper is drawn primar-
ily from the United States, where three independent and authoritative assessments 
collectively document the severity of current K-12 learning outcomes. These as-
sessments are presented here as indicators of declining performance in the U.S. 
context; they do not, by themselves, establish a causal relationship between school-
learner-home fragmentation and aggregate achievement outcomes. Rather, the pat-
tern of declining indicators is consistent with the explanatory logic of the triadic 
disconnect, and the AI as a Coordination Layer (AI-CL) framework introduced in 
this paper is offered as a proposed explanatory and design response to the structural 
conditions those indicators reflect. The 2024 National Assessment of Educational 
Progress (NAEP)—the U.S. government’s primary measure of student achieve-
ment—revealed that 12th-grade reading and mathematics scores are among the low-
est ever recorded, with nearly 45% of high school seniors scoring below the basic 
level in mathematics and only 31% of fourth-grade students demonstrating profi-
ciency in reading [3]. The 2022 Programme for International Student Assessment 
(PISA), which evaluated 15-year-old students across 81 countries, documented a 
13-point decline in U.S. mathematics scores from pre-pandemic levels, with ap-
proximately one in three American students performing at or below basic profi-
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ciency [4]. The 2023 Trends in International Mathematics and Science Study (TIMSS) 
recorded a 27-point decline in U.S. eighth-grade mathematics scores since 2019. 
The lowest recorded since the assessment began in 1995—a decline equivalent to 
nearly a full academic year of learning loss [5]. These findings represent three in-
dependent indicators of the same pattern: a school-learner-home triad that, in the 
United States, lacks the infrastructure to detect, respond to, and reverse learning 
loss in real time. The architecture described in this paper addresses precisely that 
structural gap. 

The consequences of this fragmentation are not merely inconvenient; they are 
systemically consequential. Research consistently demonstrates that family engage-
ment is among the most robust predictors of student achievement across grade 
levels, socioeconomic strata, and subject areas [6]. Yet the structural conditions 
necessary to sustain meaningful engagement, such as timely, accurate, actionable 
communication between schools and homes, are absent in the overwhelming ma-
jority of K-12 institutions, particularly those serving high-poverty communities 
where the need is greatest [7]. Simultaneously, the rise of personalized and adap-
tive learning as a pedagogical paradigm has exposed the inadequacy of one-size-fits-
all instructional models, while also generating unprecedented volumes of learner 
data that, if properly harnessed, could fundamentally alter the informational ecol-
ogy of the triadic relationship [8]. 

Artificial intelligence has emerged as a practical and theoretically grounded 
candidate for bridging these structural gaps. AI systems are capable of continuous 
data collection and analysis, natural language generation, adaptive content mod-
ulation, and multi-stakeholder communication. These capabilities can map di-
rectly onto the informational deficits of the school-learner-home triad [9]. How-
ever, the predominant deployment model for AI in K-12 education remains tool-
centric: AI tutoring systems address individual learner needs in isolation, learning 
analytics platforms serve administrators without systematic integration with fam-
ily communication, and parent-facing applications operate independently of in-
structional data streams [10]. The result is a proliferation of AI tools that collec-
tively fail to reconstruct the triadic relationship they are individually positioned 
to serve. 

This paper addresses that gap by introducing and theoretically grounding the 
concept of Artificial Intelligence as a Coordination Layer (AI-CL)—a novel archi-
tectural and conceptual construct in which AI operates not as a standalone in-
structional or administrative tool but as the connective infrastructure mediating 
continuous, bidirectional interaction among schools, learners, and homes. The 
AI-CL framework draws on established educational theory, current evidence from 
learning analytics and intelligent tutoring systems research, and design-based rea-
soning to articulate a coherent model for triadic integration. The paper makes 
three primary contributions: 1) it theorizes the school-learner-home triad as a struc-
tural unit of educational analysis rather than a collection of independent actors; 
2) it introduces AI-CL as a novel coordination construct with defined functional 
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components and interaction logics; and 3) it critically examines the ethical, equity, 
and implementation conditions under which AI-CL can be deployed responsibly 
in K-12 contexts. 

2. Literature Review 
2.1. Parental Involvement and K-12 Outcomes 

The relationship between parental involvement and student achievement repre-
sents one of the most replicated findings in educational research. Hattie’s synthe-
sis of over 800 meta-analyses assigns family engagement an effect size of 0.51, plac-
ing it among the most influential of all educational interventions [11]. Epstein’s 
framework of school-family-community partnerships identifies six typologies of 
involvement—parenting, communicating, volunteering, learning at home, deci-
sion-making, and collaborating with the community, each of which requires de-
liberate institutional scaffolding to realize [12]. The critical finding from this litera-
ture is not merely that parental involvement matters, but that the quality and spec-
ificity of school-family communication is the primary mechanism through which 
it exerts its effects. Vague or infrequent communication produces vague and infre-
quent involvement; timely, specific, and actionable communication enables targeted 
parental support [13]. 

Despite this evidence base, structural barriers to effective school-family com-
munication remain formidable. Research by the OECD consistently documents 
wide disparities in the frequency and quality of school-family communication across 
socioeconomic groups, with low-income families systematically receiving less ac-
tionable information about their children’s academic progress [14]. Language bar-
riers, limited digital access, inflexible working schedules, and cultural distance 
from institutional norms compound these disparities, producing what Lareau (2011) 
terms “concerted cultivation”—a pattern in which middle-class families possess 
both the social capital and the informational resources to navigate school systems 
effectively, while working-class families are structurally disadvantaged [15]. AI-
mediated communication, if designed equitably, has the potential to partially de-
mocratize access to the informational resources that currently differentiate high- 
and low-engagement families. 

2.2. Personalized Learning in K-12 Contexts 

The concept of personalized learning—the tailoring of instructional content, pace, 
sequencing, and modality to the individual learner’s knowledge state, learning pro-
file, and motivational orientation has gained substantial currency in K-12 educa-
tional policy and practice over the past decade [16]. RAND Corporation’s large-
scale evaluation of personalized learning schools found statistically significant 
positive effects on mathematics and reading achievement, particularly for stu-
dents who began below grade level [17]. These findings align with theoretical pre-
dictions derived from Bloom’s (1984) two-sigma problem, which established that 
one-on-one tutoring consistently produces two standard deviation improvements 
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in achievement over conventional whole-class instruction—an effect attributable 
largely to the adaptive responsiveness of the one-on-one format [18]. 

However, personalized learning as currently implemented in most K-12 schools 
is better described as individualized pacing within a fixed content framework than 
as genuine adaptive personalization [16]. The technological infrastructure required 
to support authentic personalization—real-time learner modeling, dynamic con-
tent generation, and continuous formative assessment exceeds the capacity of most 
school districts, particularly those without significant edtech investment. Moreo-
ver, personalized learning research has largely focused on in-school learning ex-
periences, neglecting the role of home environments in personalizing the full learn-
ing ecology. A student who receives adaptive instruction during school hours but 
returns to an informationally impoverished home environment has received a par-
tial intervention at best. 

2.3. AI Applications in K-12 Education 

The application of AI in K-12 education spans a range of functional domains, 
from intelligent tutoring and formative assessment to administrative analytics and 
natural language-mediated communication. Intelligent Tutoring Systems (ITS) 
represent the most mature strand of this literature. Systems such as Carnegie Learn-
ing’s MATHia and Knewton’s adaptive platform have demonstrated learning gains 
of 0.4 to 0.8 standard deviations above conventional instruction in controlled 
studies, with particular efficacy in mathematics [19]. These systems achieve their 
effects through dynamic knowledge tracing—the continuous inference of a learner’s 
probabilistic mastery state across a structured domain, enabling real-time instruc-
tional scaffolding that approximates the responsiveness of expert human tutors 
[20]. 

Learning analytics has emerged as a complementary domain, focusing on the 
institutional and population-level dimensions of learner data. Siemens and Long 
(2011) define learning analytics as “the measurement, collection, analysis and re-
porting of data about learners and their contexts, for purposes of understanding 
and optimising learning and the environments in which it occurs” [21]. Early warn-
ing systems built on learning analytics have demonstrated the capacity to identify 
students at risk of dropout or academic failure months before conventional assess-
ment instruments would surface the problem. Yet as Arnold and Pistilli (2012) doc-
umented in their landmark study, the translation of analytics insights into timely 
and effective interventions remains the critical unsolved problem: the intelligence 
exists, but the action infrastructure does not [22]. 

Natural Language Processing (NLP) and Large Language Model (LLM) tech-
nologies represent the most recent and potentially most transformative wave of 
AI applications in education. Conversational AI agents can serve as always-avail-
able tutoring companions, translate assessment data into caregiver-accessible sum-
maries, and facilitate asynchronous multilingual communication between teach-
ers and families [23]. However, systematic peer-reviewed evaluation of LLM-based 
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educational tools in K-12 contexts remains sparse; much of the existing evidence 
base consists of small-scale pilots and vendor-reported outcomes, limiting the con-
clusions that can be drawn about efficacy and equity at scale [24]. 

2.4. Limitations of Current Systems and Identified Gaps 

A critical examination of the existing AI-in-education literature reveals three struc-
tural limitations that the present paper seeks to address. First, the predominant 
unit of analysis is the individual learner-system dyad, not the triadic ecosystem. 
ITS research evaluates the learner’s interaction with the AI; analytics research 
evaluates institutional performance patterns; family communication tools evalu-
ate message delivery rates. None of these research traditions examines the AI’s 
capacity to coordinate across all three nodes of the school-learner-home triad sim-
ultaneously [10]. Second, existing AI deployments operate in largely siloed archi-
tectures: the data generated by an ITS does not flow into a family communication 
platform; the insights surfaced by a learning analytics dashboard do not automat-
ically trigger a personalized home-learning recommendation. This siloing repro-
duces, in digital form, the same structural fragmentation that characterizes pre-
digital educational systems [25]. Third, the equity implications of AI in K-12 ed-
ucation have received insufficient attention relative to efficacy literature. The pop-
ulations most in need of the coordination functions that AI-CL would provide—
students in under-resourced schools, families facing language and digital access 
barriers, learners with disabilities are simultaneously least likely to be served by 
AI tools designed for well-resourced, English-speaking, connectivity-rich envi-
ronments [7]. 

3. Theoretical Framework: The Triadic Learning Model 
3.1. Ecological and Sociocultural Foundations 

The theoretical scaffolding for the school-learner-home triad as a unit of educa-
tional analysis is grounded in two complementary bodies of theory: Bronfenbren-
ner’s ecological systems theory and Vygotsky’s sociocultural theory of cognitive 
development. Bronfenbrenner’s model situates the developing child within a nested 
hierarchy of environmental systems—the microsystem (immediate settings such 
as family and classroom), the mesosystem (the interactions among microsystems), 
the exosystem (indirect environmental influences), and the macrosystem (cultural 
and institutional structures) [26]. Within this framework, the quality of mesosys-
tem interactions—specifically, the coherence and communication between the home 
microsystem and the school microsystem is theorized as a critical determinant of 
developmental outcomes. Bronfenbrenner’s concept of proximal processes—the 
sustained, reciprocal interactions that drive development—requires environmen-
tal continuity to function; when home and school operate as disjoint environments, 
proximal processes are disrupted. 

Vygotsky’s sociocultural theory contributes the complementary insight that 
learning is fundamentally a mediated social activity [27]. The zone of proximal 
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development (ZPD)—the cognitive space between independent capability and guided 
capability is not confined to the classroom. Parents, siblings, peers, and commu-
nity members all function as potential mediators of learning within the ZPD, pro-
vided they have access to sufficient information about the learner’s current state 
of understanding. This theoretical claim has direct architectural implications: a sys-
tem that provides caregivers with real-time, specific, actionable information about 
their child’s ZPD expands the pool of available scaffolders, effectively extending 
the instructional resource base available to each learner without proportionally 
increasing institutional cost. 

3.2. Constructivist Principles and the Triadic Model 

Constructivist theories of learning, particularly as elaborated by Piaget and sub-
sequently by social constructivists in the tradition of Jonassen (1999), posit that 
knowledge is actively constructed by the learner through engagement with expe-
rience, reflection, and social interaction [28]. Within this framework, the home 
environment is not a passive backdrop to school-based learning but an active 
knowledge-construction site. Mathematical concepts encountered in school are elab-
orated through cooking, budgeting, and spatial navigation at home; literacy skills 
are reinforced through family reading practices; scientific reasoning is cultivated 
through everyday problem-solving. The triadic model proposed in this paper takes 
the constructivist premise seriously: it treats home-based learning activities not as 
supplementary enrichment but as integral components of the learner’s knowledge-
construction process that must be intentionally coordinated with school-based in-
struction. 

3.3. The Triadic Learning Model: Interaction Dynamics 

Drawing on these theoretical foundations, this paper formalizes the Triadic Learn-
ing Model (TLM) as a conceptual structure in which three interacting nodes—
School (S), Learner (L), and Home (H) maintain continuous bidirectional infor-
mational relationships. Each dyadic relationship within the triad carries distinct 
interaction logics: the S-L relationship is primarily instructional and formative, 
characterized by the teacher’s delivery of curriculum and the learner’s demon-
strated performance; the L-H relationship is primarily developmental and contex-
tual, shaped by the learner’s experiences, behaviors, and emotional states outside 
of school; and the S-H relationship is primarily communicative and coordinative, 
involving the exchange of progress data, behavioral observations, and mutual ex-
pectations. The triadic system as a whole is characterized by interdependence: per-
turbations in any one node propagate through the relational structure. A family 
crisis that disrupts the L-H relationship will manifest as changed behavioral and 
performance indicators in the S-L relationship; an instructional mismatch in the 
S-L relationship will generate confusion and disengagement that the L-H relation-
ship is poorly equipped to address without informational support from S. 

The critical theoretical claim of the TLM is that the system’s emergent proper-
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ties—its capacity to sustain engaged, adaptive, and equitable learning cannot be 
reduced to the properties of any individual node or dyadic relationship. A highly 
effective school operating in isolation from an uninformed home is a structurally 
incomplete educational system. The TLM demands that researchers, designers, and 
practitioners attend to triadic architecture as the fundamental unit of educational 
analysis and intervention. 

4. Conceptual Model: Artificial Intelligence as a 
Coordination Layer 

4.1. Defining AI-CL 

The core conceptual contribution of this paper is the formalization of Artificial 
Intelligence as a Coordination Layer (AI-CL)—a theoretical construct that repo-
sitions AI not as a standalone instructional or administrative tool but as the con-
nective infrastructure through which the three nodes of the TLM maintain contin-
uous, productive interaction. The term “coordination layer” is drawn from software 
systems architecture, where it denotes a middleware component that manages com-
munication, data transformation, and workflow orchestration among otherwise 
independent subsystems [29]. The analogy is instructive: just as middleware ena-
bles applications built on different technologies to interoperate without direct cou-
pling, AI-CL enables schools, learners, and homes that operate on different tem-
poral rhythms, informational vocabularies, and institutional logics to share knowledge 
and coordinate action without requiring each stakeholder to master the operational 
conventions of the other two. 

AI-CL is distinguished from prior constructs in the AI-in-education literature 
by three defining characteristics. First, it is triadic in scope: its design logic explic-
itly encompasses all three nodes of the TLM, not merely the learner-system or 
teacher-system dyad. Second, it is coordinative in function: its primary value 
proposition is the orchestration of information flows and action triggers across 
nodes, not the optimization of any single node’s performance in isolation. Third, 
it is adaptive at the system level: AI-CL adjusts not only the learning content de-
livered to students, but the nature, frequency, and modality of communication 
delivered to teachers and caregivers based on the evolving state of the triadic sys-
tem as a whole. 

4.2. Novelty Boundary: AI-CL Relative to Existing Integrated 
Systems 

A precise delineation of AI-CL’s novelty relative to currently deployed integrated 
systems is essential to evaluating the framework’s contribution. Three categories 
of existing technology partially address the coordination problem that AI-CL tar-
gets: Learning Management System (LMS) parent portals, early-warning dashboard 
platforms, and interoperability middleware. LMS parent portals, such as those 
embedded in Canvas, Schoology, or PowerSchool, provide caregivers with access 
to grade books, assignment calendars, and attendance records. However, they are 
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passive repositories rather than active coordination agents: they make data avail-
able but do not analyze it, generate personalized caregiver guidance, or trigger co-
ordinated responses across teacher, student, and family channels simultaneously. 
Early-warning dashboard platforms such as Panorama Education, Illuminate Ed-
ucation, or district-level MTSS dashboards aggregate student risk indicators and 
surface alerts for school counselors and administrators. These platforms operate 
primarily within the school node and do not extend their coordination logic to 
the home; the caregiver is typically notified after a school-level intervention deci-
sion has already been made, not as a co-participant in the decision-making pro-
cess. Interoperability middleware, including standards-based frameworks such as 
Ed-Fi and IMS Global’s OneRoster, addresses the technical problem of data ex-
change between systems but does not prescribe pedagogical logic, generate action-
able recommendations, or adapt communication to individual stakeholder needs. 
AI-CL is distinguished from all three categories by its integration of all three func-
tions—active analysis, triadic coordination, and adaptive personalized communi-
cation within a single architectural logic specifically designed around the interde-
pendence of the school-learner-home triad. Rather than serving one node at a time, 
AI-CL treats simultaneous, differentiated engagement of all three nodes as its pri-
mary design objective. 

4.3. Architectural Components 

The AI-CL framework comprises four functional components, each of which serves 
a defined role in the coordination architecture. The Learner Intelligence Layer 
(LIL) is the student-facing subsystem, responsible for continuous knowledge state 
modeling using probabilistic methods such as Bayesian knowledge tracing [20], 
adaptive content sequencing, engagement monitoring through behavioral and in-
teraction data, and motivational scaffolding. The LIL generates a dynamic learner 
profile that serves as the epistemic foundation for all cross-layer coordination 
functions. 

The School Coordination Layer (SCL) is the teacher—and administrator-facing 
subsystem, translating the LIL’s learner profiles into classroom—and school-level 
analytics. The SCL surfaces early warning indicators, suggests instructional ad-
justments aligned with curriculum standards, and enables teachers to monitor the 
learning trajectories of individual students and cohorts without requiring manual 
data aggregation. The Home Engagement Layer (HEL) is the caregiver-facing sub-
system, converting the technical outputs of the LIL into plain-language, culturally 
responsive, multilingual summaries of student progress and specific home-learn-
ing activity recommendations calibrated to the learner’s current ZPD. The Inte-
gration Bus is the cross-layer coordination infrastructure, responsible for privacy-
preserving data aggregation, role-based access control, inter-layer event triggering, 
and regulatory compliance logging. Figure 1 shows the schematic flow of the ar-
chitectural components. Table 1 summarizes the functional architecture across all 
four components. 

https://doi.org/10.4236/jilsa.2026.182009


E. O. Imohimi, O. Oyetunji 
 

 

DOI: 10.4236/jilsa.2026.182009 141 Journal of Intelligent Learning Systems and Applications 
 

 
Figure 1. Architectural overview of the AI as a Coordination Layer (AI-CL) framework showing the triadic stakeholder nodes, four 
functional subsystems, event-driven data flow, and three nested feedback loops. 
 
Table 1. Functional architecture of the AI as a Coordination Layer (AI-CL) framework. 

AI-CL Component Primary Stakeholder AI Function Output 

Learner Intelligence 
Layer (LIL) 

Student 
Knowledge state modeling, adaptive 
content delivery, engagement monitoring 

Personalized learning pathways; 
real-time micro-feedback 

School Coordination 
Layer (SCL) 

Teacher/Administrator 
Early warning analytics, curriculum 
alignment, progress dashboards 

Intervention alerts; instructional 
adjustment recommendations 

Home Engagement 
Layer (HEL) 

Parent/Caregiver 
Plain-language progress summaries, 
homework scaffolding, multilingual 
communication 

Caregiver action prompts; 
family learning activity guides 

Integration Bus All stakeholders 
Cross-layer data normalization, privacy-
preserving aggregation, audit logging 

Unified learner profile; 
compliance reporting 

4.4. Data Flow, Interaction Logic, and the AI-CL Logic Model 

The operational logic of AI-CL is grounded in a continuous, event-driven data flow. 
Learner interaction data generated within the LIL—response accuracy, time-on-
task, help-seeking behavior, and engagement signals is aggregated and modeled in 
real time, updating the learner’s probabilistic knowledge state. When the learner’s 
state crosses a defined threshold, such as persistent struggle with a particular con-
cept, anomalous disengagement, or accelerated mastery warranting enrichment. 
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The Integration Bus triggers coordinated responses across the SCL and HEL sim-
ultaneously. The teacher receives an instructional alert with context-specific sug-
gested responses; the caregiver receives a brief, accessible notification with a cor-
responding home-support activity; and the LIL adjusts the learner’s content path-
way to incorporate additional scaffolding or accelerated challenge (see Table 2). 

 
Table 2. AI-CL logic model: From learner data input to expected educational effect. 

Stage Description Example 

1. Learner 
Data Input 

Continuous collection of learner interaction signals 
by the LIL (response accuracy, time-on-task, help 
requests, engagement patterns). 

A student completes 12 consecutive practice items on 
fraction division, with accuracy declining from 80% to 
45% over 8 minutes. 

2. Trigger 
Condition 

The Integration Bus applies a threshold rule to the 
modeled learner state. A trigger fires when the state 
crosses a predefined threshold indicating risk, need, 
or opportunity. 

Accuracy drops below 55% for three consecutive 
concept attempts—the “persistent struggle” threshold 
is crossed. 

3. Stakeholder 
Notification 

Simultaneous, differentiated notifications are sent 
to the relevant stakeholders: teacher alert via SCL; 
caregiver message via HEL; learner content 
adjustment via LIL. 

Teacher receives: “Student X is struggling with fraction 
division suggest re-teaching with visual models”. 
Caregiver receives: “Your child could benefit from 
fraction practice this evening—here is a 10-minute 
activity”. LIL reconfigures the student’s next learning 
sequence to include scaffolded prerequisite review. 

4. Expected 
Educational 
Effect 

Coordinated, timely multi-stakeholder response 
reduces response latency, increases intervention 
specificity, and activates home-based support 
aligned with school-based instruction. 

Student receives in-school re-teaching and aligned 
home practice within 24 hours of first indication of 
struggle, rather than waiting for the next summative 
assessment cycle. 

4.5. Human-in-the-Loop Governance: Automated Actions and 
Approval Requirements 

A governance principle central to responsible AI-CL deployment is the explicit 
delineation of which coordination actions are executed automatically by the sys-
tem and which require teacher or caregiver approval before taking effect. This Hu-
man-in-the-Loop (HITL) architecture is essential to preserving professional judg-
ment, maintaining stakeholder trust, and avoiding the risks of automated decision-
making with vulnerable populations. AI-CL distinguishes three tiers of action au-
thority. Tier 1—Fully Automated: Actions that are low-stakes, reversible, and con-
fined to the learner’s immediate content experience are executed automatically 
without human approval. These include real-time content pathway adjustments 
within the LIL (e.g., selecting a more scaffolded problem set in response to a de-
tected struggle), minor motivational prompts to the learner, and routine progress 
summary messages to caregivers through the HEL. Tier 2—Teacher-Approved: 
Actions that carry instructional or relational significance require teacher review 
before execution. These include formal early-warning notifications to caregivers, 
recommendations for instructional strategy changes at the classroom level, and 
any communication that references a student’s behavioral or emotional state. The 

https://doi.org/10.4236/jilsa.2026.182009


E. O. Imohimi, O. Oyetunji 
 

 

DOI: 10.4236/jilsa.2026.182009 143 Journal of Intelligent Learning Systems and Applications 
 

SCL presents these recommendations to the teacher, who may approve, modify, 
or suppress the action. Tier 3—Escalated with Caregiver Consent: Actions that in-
volve sensitive inferences, such as suggested referrals to support services, notifica-
tions about attendance patterns, or flags for learning disability screening, require 
both teacher endorsement and caregiver acknowledgment before proceeding. The 
Integration Bus logs all Tier 2 and Tier 3 actions, their approvals or overrides, and 
their outcomes, creating an auditable record of AI-assisted decision-making. This 
tiered HITL framework ensures that AI-CL operates as a decision-support system 
rather than a decision-making system, preserving the professional authority of teach-
ers and the rights of caregivers at every stage of the coordination process. 

5. Methodological Approach: Conceptual Design 
5.1. Conceptual Design as a Methodological Approach 

This paper adopts a conceptual design approach as its foundational methodology. 
The manuscript is a theoretical and architectural synthesis rather than a Design-
Based Research (DBR) study in the fully constituted sense formalized by Brown 
(1992) and elaborated by Barab and Squire (2004) [30] [31]. Classifying the paper 
as DBR would require the specification of explicit design principles, iterative em-
pirical cycles, and documented sources of framework refinement that have not yet 
been undertaken. The present paper constitutes a prior and necessary step: the 
development of a theoretically grounded conceptual model that must precede and 
inform those empirical cycles. The conceptual design approach is warranted on two 
grounds. First, the phenomenon under investigation—AI-mediated triadic co-
ordination in K-12 education does not yet have sufficient empirical instantiation 
to support hypothesis-testing research; the conceptual framework must be artic-
ulated and theoretically grounded before empirical validation is feasible. Second, 
the complexity and contextual embeddedness of the triadic learning system ren-
der reductionist experimental designs inadequate for the framework’s initial for-
mulation; conceptual design’s commitment to theoretical coherence and architec-
tural specification is better suited to this foundational phase. The paper draws on 
established educational theory, current evidence from learning analytics and ITS 
research, and design principles from software systems architecture to produce a 
framework that is both theoretically grounded and practically operationalizable. 

5.2. Future Validation Agenda 

The AI-CL framework proposed in this paper generates a structured agenda for 
future empirical validation. At the component level, each functional layer of AI-
CL can be evaluated using existing methodologies: ITS efficacy research designs 
for the LIL; quasi-experimental and randomized control designs for the SCL’s 
early warning and intervention functions; and mixed-methods evaluation of care-
giver communication and engagement for the HEL. At the system level, the triadic 
integration hypothesis—that coordinated AI-mediated communication across all 
three nodes produces learning outcomes superior to those achievable by any sin-
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gle node’s optimization alone requires longitudinal, multi-site evaluation designs 
capable of capturing both proximal outcome measures (engagement, formative 
assessment performance, intervention timeliness) and distal outcome measures 
(grade-level achievement, retention, graduation rates). Participatory research de-
signs that actively involve students, teachers, and caregivers in the evaluation pro-
cess are particularly warranted given the equity stakes of AI deployment in K-12 
contexts. 

6. Implications for K-12 Practice 
6.1. Implications for Teachers 

The AI-CL framework reconstitutes the teacher’s role from information gath-
erer to insight consumer and action architect. Rather than investing significant 
instructional time in manual data collection, progress monitoring, and family 
communication activities that currently consume substantial portions of teach-
ers’ non-instructional time, teachers operating within an AI-CL system receive 
pre-processed, contextually situated, and action-oriented insights that support 
instructional decision-making with minimal cognitive overhead. Critically, this 
reconstitution does not diminish teacher professional judgment; it elevates it. 
By automating the mechanical dimensions of data collection and initial analysis, 
AI-CL creates cognitive space for teachers to engage in the higher-order interpre-
tive and relational work that constitutes professional teaching at its most effec-
tive [32]. Professional development must therefore equip teachers not merely with 
technical competencies for interacting with AI systems but with the interpretive 
and critical frameworks necessary to evaluate AI-generated recommendations, 
identify their limitations, and exercise informed professional override when ap-
propriate as specified in the human-in-the-loop governance model described in 
Section 4.5. 

6.2. Implications for School Leadership 

For school principals and district administrators, AI-CL offers a population-level 
coordination capability that conventional school systems cannot approximate. 
The SCL’s analytics functions enable leaders to monitor equity indicators—track-
ing whether students of different racial, linguistic, disability, and socioeconomic 
backgrounds are receiving proportionally timely interventions, and whether fam-
ily engagement disparities are narrowing or widening over time. This population-
level visibility transforms equity from an aspirational value to a measurable and 
actively managed system property. School leaders must, however, resist the temp-
tation to deploy AI-CL primarily as an accountability or surveillance instrument. 
The framework’s effectiveness depends on the quality of the trust relationships 
among its stakeholders; if teachers perceive the system as a mechanism for admin-
istrative monitoring, or if families perceive it as a data extraction tool, the social 
foundations of effective coordination will be undermined regardless of the system’s 
technical sophistication. 
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6.3. Implications for Parents and Caregivers 

The HEL component of AI-CL directly addresses the informational poverty that 
characterizes family engagement for the majority of K-12 caregivers. By providing 
timely, specific, plain-language summaries of student progress delivered through 
accessible, multilingual interfaces and calibrated to each family’s preferred com-
munication channel and temporal availability. The AI-CL has the potential to qual-
itatively alter the nature of family engagement from reactive to proactive, from ep-
isodic to continuous, and from passive to participatory. Research by Kraft and Rog-
ers (2015) demonstrates that individualized, informative teacher-parent commu-
nication significantly improves student outcomes by reducing course failure rates 
by 41% in a high school credit recovery program, underscoring the causal poten-
tial of targeted, specific school-to-family messaging [13]. AI-CL systematizes and 
scales this mechanism, making individualized caregiver communication econom-
ically feasible at the school and district level. Equitable implementation requires, 
however, that the system accommodate the full range of caregiver circumstances: 
intermittent internet access, multilingual households, varying levels of educational 
attainment, and cultural norms around school-family interaction. 

6.4. Implications for Policymakers 

The governance and funding conditions necessary for equitable AI-CL deployment 
do not emerge automatically from technical innovation; they must be deliberately 
constructed through policy and in the U.S. context specifically, several structural 
gaps remain. Policymakers must develop governance frameworks adequate to the 
specific data practices that AI-CL requires. Frameworks that go beyond the cur-
rent provisions of FERPA and COPPA to address continuous behavioral data col-
lection, algorithmic decision-making with minors, and cross-institutional data 
sharing [33]. Procurement policies must require algorithmic auditing and bias 
testing as conditions of district AI adoption. Broadband connectivity investments 
must be treated as educational infrastructure, not optional amenity, if the equity 
promise of AI-CL is to be realized in under-resourced communities. Title I school 
funding frameworks should be explicitly extended to cover AI-mediated family 
engagement infrastructure for schools serving high-poverty populations. Policy-
makers in other national systems should evaluate AI-CL’s applicability within their 
own legal, funding, and data-governance frameworks, adapting these principles as 
appropriate. 

7. Challenges and Ethical Considerations 
7.1. Data Privacy and the Rights of Minors 

The continuous behavioral and academic data collection that AI-CL requires raises 
profound privacy concerns that are magnified by the developmental vulnerability 
of the K-12 population. In the United States, student data is nominally protected 
by FERPA, which grants parents the right to access and control their children’s 
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educational records, and by COPPA, which imposes heightened consent require-
ments for the collection of personal data from children under thirteen [33]. How-
ever, both statutes were designed for a pre-AI regulatory environment and are in-
adequate to govern the granular, continuous, inferential data practices that AI-CL 
requires. Behavioral engagement data, for example, may not constitute an “edu-
cational record” under FERPA’s current definition, yet its aggregation and analy-
sis may produce inferences about learner characteristics such as attention disorders, 
emotional states, and family circumstances—that are highly sensitive and poten-
tially consequential for the child’s educational trajectory. Regulatory frameworks 
must evolve to govern not merely the data that AI systems collect but the inferences 
they generate and the decisions those inferences inform. Jurisdictions outside the 
United States should apply their own applicable data protection frameworks—
including the EU’s General Data Protection Regulation (GDPR) and its specific 
provisions for minors when evaluating AI-CL deployment. 

7.2. Equity, the Digital Divide, and Access 

The digital divide—the stratified distribution of internet access, device availabil-
ity, and digital literacy across socioeconomic and demographic groups—repre-
sents the most immediate structural threat to equitable AI-CL deployment. A sys-
tem that delivers timely, personalized caregiver communication through a mobile 
application effectively excludes families without consistent smartphone access or 
data plans. Research by the Pew Research Center consistently documents signif-
icant disparities in broadband access and digital literacy along racial and income 
lines in the United States [34]. An AI-CL deployment that improves outcomes for 
already-advantaged students and families while leaving under-resourced commu-
nities unserved does not merely fail to close equity gaps; it actively widens them. 
Equitable implementation requires multi-modal communication options (includ-
ing SMS, telephone, and print), device and connectivity support programs, and 
community-based digital literacy initiatives co-designed with the communities 
they serve. 

7.3. Algorithmic Bias and Discriminatory Outcomes 

AI systems trained on historical educational data risk encoding and amplifying 
the systemic inequities embedded in that data. Predictive models that identify at-
risk students based on historical performance patterns may generate racially and 
socioeconomically disparate early warning flags, over-identifying Black, Latino, 
and low-income students as at-risk while under-identifying their counterparts in 
more affluent cohorts who exhibit equivalent performance trajectories [35]. Algo-
rithmic recommendation systems that suggest instructional tracks or intervention 
intensity based on inferred learner characteristics may reproduce the sorting logics 
of low-expectation pedagogy in computational form. Addressing these risks re-
quires algorithmic auditing as a condition of deployment, disaggregated monitor-
ing of AI-CL outcomes by race, income, language, and disability status, and struc-
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tural commitments to participatory design processes that include students and fam-
ilies from historically underserved communities as co-designers rather than merely 
as subjects of design [36]. 

7.4. Teacher Readiness and Human-AI Collaboration 

The effective functioning of AI-CL depends critically on the professional capacity 
of teachers to interact productively with AI-generated insights. Research on teacher 
professional development in AI-integrated environments documents significant 
gaps: many teachers lack not only technical proficiency with AI tools but also the 
data literacy competencies necessary to critically evaluate algorithmic recommen-
dations and the pedagogical judgment to determine when AI-suggested interven-
tions are and are not appropriate for specific students in specific contexts [37]. Pro-
fessional development programs must address these gaps comprehensively, mov-
ing beyond tool-specific training toward the cultivation of what Luckin and Holmes 
(2016) term “AI literacy for educators”—an integrated set of technical, critical, 
and ethical competencies that enable teachers to be effective partners in, rather than 
passive recipients of, AI-mediated decision-making [9]. 

8. Discussion 
8.1. Situating AI-CL within Existing Models 

The AI-CL framework proposed in this paper can be situated within a broader 
landscape of educational technology models that have sought to address various 
dimensions of the school-learner-home triad. As detailed in Section 4.2, existing 
integrated systems such as LMS parent portals, early-warning dashboards, and in-
teroperability middleware—address partial dimensions of the coordination prob-
lem but do not provide a unified triadic coordination logic. Community of Inquiry 
(CoI) frameworks, originally developed for online higher education, theorize the 
interaction of cognitive, social, and teaching presence as constitutive of effective 
learning [38]. However, CoI does not extend to the home environment or address 
the caregiver’s role as a learning mediator. The Universal Design for Learning (UDL) 
framework provides design principles for reducing barriers to learning across mul-
tiple means of representation, engagement, and expression, but does not address 
the systemic coordination problem that AI-CL targets [39]. Learning analytics 
frameworks, including the influential work of Siemens and Long (2011), address 
the institutional dimension of learner data but have not articulated a triadic coor-
dination architecture [21]. AI-CL is novel in its explicit integration of all three 
triadic nodes into a single coordination logic, and in its treatment of coordination 
itself rather than instruction, assessment, or communication in isolation as the 
central design objective. 

8.2. Novelty and Contribution to Knowledge 

The theoretical contribution of this paper is twofold. Conceptually, the formal-
ization of the school-learner-home triad as a structurally interdependent system 
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rather than a collection of individually important but analytically separate factors 
represents a reframing of the fundamental unit of educational analysis. This refram-
ing has implications not only for AI design but for educational research, policy, 
and practice more broadly: it argues that no intervention confined to a single node 
of the triad can be fully effective, and that the mesosystem interactions among nodes 
must be treated as primary objects of both study and design. Architecturally, the 
AI-CL construct provides a theoretically grounded and practically operationaliza-
ble model for implementing triadic coordination through AI infrastructure—a con-
tribution that advances the field beyond the tool-centric paradigm that has dom-
inated AI-in-education research and practice. 

8.3. Scalability in Public School Systems 

A critical consideration for the practical viability of AI-CL is its scalability within 
the institutional, financial, and infrastructural realities of public K-12 school sys-
tems. Public schools in the United States and comparable OECD nations operate 
under significant resource constraints; per-pupil expenditure on educational tech-
nology, while growing, remains modest relative to the infrastructure investment 
that a fully realized AI-CL system would require [14]. A scalable AI-CL deployment 
model must therefore be designed with modular architecture that enables phased 
adoption: schools and districts can implement individual layers of the framework—
beginning, for example, with the HEL’s caregiver communication functions, which 
require comparatively minimal pedagogical integration before advancing to full 
triadic coordination. Cloud-based infrastructure models, open-source component 
libraries, and state-level data governance frameworks can reduce the per-district 
implementation cost. Critically, scalability must not be pursued at the expense of 
equity: implementation sequencing that prioritizes well-resourced schools will widen 
the equity gap that AI-CL is designed to narrow. 

9. Conclusions and Future Research Directions 

This paper has argued that the school-learner-home triad constitutes the funda-
mental structural unit of effective K-12 education and that the historical fragmen-
tation of this triad represents not a peripheral problem but a systemic design fail-
ure with profound consequences for student engagement, intervention timeliness, 
and learning outcomes. Grounded in Bronfenbrenner’s ecological systems theory, 
Vygotsky’s sociocultural framework, and constructivist learning theory, the Tri-
adic Learning Model provides a theoretically coherent account of how and why 
triadic coordination matters. The AI as a Coordination Layer framework trans-
lates this theoretical account into a practical architectural construct: a four-com-
ponent AI system—the Learner Intelligence Layer, the School Coordination Layer, 
the Home Engagement Layer, and the Integration Bus—that mediates continuous, 
bidirectional information flows among all three triadic nodes and enables coordi-
nated, timely, and personalized responses to evolving learner needs. 

The AI-CL framework advances the AI-in-education field in a direction that its 
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current tool-centric trajectory has not pursued: toward system-level coordination 
rather than node-level optimization, toward triadic integration rather than dyadic 
interaction, and toward equity as a design constraint rather than an evaluative 
afterthought. The human-in-the-loop governance model elaborated in Section 4.5 
ensures that AI-CL operates as a decision-support system, preserving teacher pro-
fessional authority and caregiver rights throughout the coordination process. The 
ethical complexities of AI deployment in K-12 contexts—data privacy, algorith-
mic bias, the digital divide, and teacher readiness—are not obstacles to be min-
imized but design challenges to be engaged with rigor, transparency, and genuine 
commitment to the interests of the students and families the system is intended 
to serve. 

The convergence of declining K-12 performance indicators—documented in 
the United States through NAEP, PISA, and TIMSS assessments and resonant in 
many national systems—is consistent with the structural diagnosis offered in this 
paper. These indicators do not by themselves establish fragmentation as their sole 
cause, nor does AI-CL claim to be a sufficient response to the full complexity of the 
achievement challenge. Rather, AI-CL is offered as a proposed design response to 
one specific and addressable structural failure: the absence of a coordination in-
frastructure capable of aligning the school, the learner, and the home around con-
tinuous, shared, actionable knowledge of each student’s learning state. Addressing 
that structural gap is a necessary, if not sufficient, condition for reversing the tra-
jectory that the indicators confirm. 

Future research should pursue three parallel lines of inquiry. Empirically, con-
trolled and quasi-experimental studies of AI-CL component implementations are 
needed to establish effect size estimates for each functional layer and to identify 
the moderating conditions under which triadic coordination effects are strongest. 
Methodologically, longitudinal ethnographic research with students, teachers, and 
caregivers across diverse school settings is necessary to understand the social, cul-
tural, and relational dynamics through which AI-CL either strengthens or disrupts 
the human relationships at the core of the triadic system. Normatively, participa-
tory design research that places historically marginalized communities at the cen-
ter of AI-CL development is essential to ensure that the framework’s equity com-
mitments are operationalized rather than merely proclaimed. The future of learn-
ing is not algorithmic—it is relational. AI, at its most consequential, is the infra-
structure that makes those relationships more visible, more responsive, and more 
just. 
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