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Abstract: Education systems face a structural paradox: increasing demands for performance coexist with inefficient use of 

educational time, which remains largely treated as a fixed constraint. Despite advances in algorithmic governance and 

artificial intelligence in education, existing research fails to conceptualize time as a governable and optimizable variable 

within adaptive learning systems. This study develops a theoretical framework for the algorithmic governance of educational 

time and introduces the MAES-AI model (Model of Adaptive Educational Systems driven by Artificial Intelligence). 

Conceptualized as a closed-loop adaptive governance architecture, the model integrates diagnosis, decision-making, 

execution, validation, feedback, and dynamic adjustment within a recursive regulatory cycle aligning learner states, 

pedagogical actions, and temporal efficiency. Using a Design Science Research approach, the study formalizes the model as 

a theoretical artifact in which educational time is explicitly embedded as an endogenous variable. The framework further 

connects micro-level learning processes, meso-level institutional mechanisms, and macro-level policy dynamics. The study 

contributes by extending algorithmic governance to temporal optimization, reframing AI in education as a governance 

infrastructure, and demonstrating that learning outcomes depend on the efficiency of time allocation. It proposes a paradigm 

in which education systems become algorithmically governed, adaptive, and temporally optimized public infrastructures. 
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I. INTRODUCTION 

 

Contemporary education systems are increasingly 

confronted with a structural paradox: while expectations for 

higher learning performance continue to intensify, the 

resources required to achieve these outcomes particularly 

time remain rigid, inefficiently allocated, and poorly 

optimized. Among these resources, educational time occupies 

a central yet paradoxically under-theorized position. It is 

universally recognized as a critical determinant of human 

capital formation and socio-economic development, yet it 

continues to be treated as a fixed and exogenous constraint 

within most education systems. 

 

This limitation is not merely operational; it reflects a 

deeper conceptual problem. Traditional education systems are 

built upon standardized temporal structures—fixed academic 

calendars, uniform program durations, and linear progression 

models—that largely ignore the heterogeneity of learning 

processes. As a result, substantial inefficiencies emerge: 

learners spend time on already mastered competencies, 

struggle to allocate sufficient time to complex concepts, and 

progress through systems that are temporally structured 

independently of their actual learning dynamics. In this 

configuration, time is managed administratively rather than 

governed strategically. 
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At the same time, broader transformations in public 

governance are reshaping how complex systems are designed 

and regulated. The rise of data-driven infrastructures and 

artificial intelligence (AI) has given rise to what is 

increasingly described as algorithmic governance, where 

decision-making processes are mediated by continuous data 

flows, predictive models, and adaptive mechanisms (Janssen 

& Kuk, 2016; Margetts, 2017; Meijer & Bannister, 2016). 

Within this paradigm, governance is no longer exclusively 

institutional; it becomes computational, dynamic, and 

responsive. 

 

Despite these advances, education systems remain only 

partially integrated into this transformation. Research on 

artificial intelligence in education has primarily focused on 

personalization, learning analytics, and performance 

prediction (Luckin, 2018; Holmes et al., 2019). While these 

approaches have significantly improved micro-level learning 

efficiency, they do not conceptualize learning systems as 

governance structures, nor do they address how core variables 

such as time can be dynamically regulated within these 

systems. 

 

Similarly, research on algorithmic governance has 

extensively examined administrative systems and digital 

public services, but has largely overlooked education as a 

domain where algorithmic regulation could fundamentally 

reshape system dynamics. As a result, governance 

frameworks remain disconnected from learning processes, 

and learning models remain disconnected from governance 

logics. 

 

This disconnection reveals a deeper structural gap in the 

literature: the absence of a unified framework capable of 

conceptualizing educational time as a governable variable 

within algorithmically mediated systems. Existing 

approaches either optimize learning without addressing 

governance, or analyze governance without integrating the 

internal dynamics of learning systems. Crucially, none 

provide a systematic account of how educational time can be 

endogenized, regulated, and optimized through adaptive 

algorithmic mechanisms. 

 

Addressing this gap is not only theoretically significant 

but also practically critical. In contexts characterized by 

resource constraints, demographic pressures, and increasing 

demands for efficiency, the ability to optimize educational 

time represents a strategic lever for improving both learning 

outcomes and system performance. However, achieving such 

optimization requires a fundamental rethinking of education 

systems not as static institutional structures, but as adaptive, 

data-driven, and continuously regulated systems. 

 

In response to this challenge, this study develops a 

novel theoretical framework for the algorithmic governance 

of educational time. The central proposition is that 

educational time should be reconceptualized as an 

endogenous and optimizable variable, embedded within a 

closed-loop system of algorithmic regulation. To 

operationalize this proposition, the study introduces the 

MAES-AI model (Model of Adaptive Educational Systems 

driven by Artificial Intelligence), conceptualized as a multi-

level governance architecture integrating: 

 

 Micro-level adaptive learning processes, 

 Meso-level institutional mechanisms, 

 And macro-level policy dynamics. 

 

At its core, the model is structured as a closed-loop 

system composed of six interdependent functions diagnosis, 

decision-making, pedagogical execution, validation, 

feedback, and adjustment through which learning trajectories 

are continuously regulated and optimized in real time. 

 

 The Contribution of this Study is Threefold 

First, it extends algorithmic governance theory by 

introducing temporal optimization as a central dimension of 

governance, demonstrating that time can be regulated as an 

endogenous variable within adaptive systems. 

 

Second, it reconceptualizes artificial intelligence in 

education as a governance infrastructure, rather than a set of 

pedagogical tools, thereby bridging the gap between micro-

level learning processes and macro-level policy systems. 

 

Third, it advances human capital theory by challenging 

the implicit assumption that learning outcomes are primarily 

determined by time invested, and instead showing that the 

efficiency of time allocation depends on its alignment with 

adaptive learning dynamics. 

 

Methodologically, the study adopts a Design Science 

Research (DSR) approach to develop the MAES-AI model as 

a theoretical and formal artifact. The model is analytically 

evaluated through conceptual structuring, formal system 

representation, and theory-driven hypothesis development, 

providing a coherent foundation for future empirical 

validation. 

 

By integrating governance theory, artificial intelligence, 

and educational system design, this study proposes a 

paradigm shift: education systems should be understood as 

algorithmically governed, temporally optimized, and 

recursively adaptive public systems. In this configuration, 

educational time is no longer a passive constraint but 

becomes a strategic variable through which learning 

efficiency, institutional performance, and policy outcomes 

can be simultaneously optimized. 

 

II. LITERATURE REVIEW 

 

 Digital and Algorithmic Governance 

The transformation of public governance in the digital 

era has fundamentally altered how states design, implement, 

and regulate policy systems. Digital governance, broadly 

defined as the integration of information technologies into 

public sector processes, has progressively shifted toward 

data-driven and user-centric models of public value creation 

(Bannister & Connolly, 2014; Cordella & Paletti, 2019). 

However, recent developments indicate a deeper structural 

shift: the emergence of algorithmic governance, where 
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decision-making is increasingly mediated by data 

infrastructures, predictive models, and automated systems. 

 

Algorithmic governance represents more than a 

technological enhancement; it constitutes a reconfiguration of 

authority and control within public systems (Janssen & Kuk, 

2016). As Margetts (2017) argues, the integration of 

algorithms into governance processes enables real-time 

policy adaptation, transforming static administrative systems 

into dynamic, responsive architectures. In this context, 

governance is no longer exclusively institutional but becomes 

computational, relying on continuous data flows and iterative 

decision cycles. 

 

Yet, this transformation introduces critical tensions. 

While algorithmic systems promise efficiency and scalability, 

they also raise concerns related to opacity, accountability, and 

power asymmetries (Kitchin, 2017; van Dijk, 2020). The 

delegation of decision-making to algorithmic systems 

challenges traditional governance principles, requiring new 

regulatory frameworks capable of ensuring transparency and 

fairness. 

 

Despite these advances, the application of algorithmic 

governance to education remains conceptually 

underdeveloped. Education systems have not fully 

transitioned into algorithmically governed systems, 

particularly with respect to the regulation of temporal 

structures. This gap highlights the need to extend algorithmic 

governance frameworks into domains where time allocation 

plays a central role in policy effectiveness. 

 

 Artificial Intelligence in Education 

Artificial intelligence has rapidly emerged as a 

transformative force in education, enabling the modeling, 

prediction, and optimization of learning processes. AI-driven 

systems, such as intelligent tutoring systems and learning 

analytics platforms, allow for the personalization of 

educational trajectories based on individual learner profiles 

(Luckin, 2018; Holmes et al., 2019). These systems mark a 

departure from standardized educational models by 

introducing adaptive learning pathways tailored to cognitive 

and behavioral characteristics. 

 

Empirical research demonstrates that AI can 

significantly improve learning efficiency by identifying 

knowledge gaps, predicting performance, and dynamically 

adjusting content delivery (Baker & Yacef, 2009). In this 

sense, AI functions as an optimization mechanism, reducing 

redundancy and accelerating knowledge acquisition. 

 

However, the literature remains predominantly focused 

on micro-level optimization, emphasizing individual learning 

performance rather than systemic transformation. As Selwyn 

(2019) and Eubanks (2018) argue, the integration of AI in 

education also raises critical issues related to algorithmic 

bias, inequality, and technological dependency. These 

concerns underscore the necessity of embedding AI within 

broader governance frameworks that ensure responsible and 

equitable use. 

 

Crucially, existing research does not sufficiently 

address how AI can be integrated into multi-level governance 

structures, linking individual learning processes to 

institutional regulation and policy objectives. As a result, AI 

in education remains largely confined to pedagogical 

innovation, rather than being conceptualized as a governance 

mechanism. 

 

 Educational Time as a Structural Constraint 

Educational systems have historically been structured 

around standardized temporal frameworks, inherited from the 

industrial logic of mass schooling (Tyack & Cuban, 1995). 

Within this paradigm, time is treated as a fixed unit of 

organization, independent of individual learning dynamics. 

While this approach has enabled scalability, it has also 

introduced significant inefficiencies. 

 

Research in the economics of education highlights that 

learning outcomes are not primarily determined by time spent 

in education, but by the quality and efficiency of learning 

processes (Hanushek & Woessmann, 2015). Similarly, 

Pritchett (2013) identifies the phenomenon of “schooling 

without learning,” where extended time in formal education 

does not translate into actual skill acquisition. These findings 

challenge the assumption that more time necessarily leads to 

better outcomes. 

 

From a systems perspective, educational time emerges 

as a misallocated and under-optimized resource, particularly 

in contexts characterized by resource constraints and 

demographic pressures. The rigidity of temporal structures 

limits the ability of education systems to adapt to individual 

learning needs, resulting in both inefficiency and inequality. 

 

Despite its centrality, time has rarely been 

conceptualized as a variable subject to governance and 

optimization. Existing frameworks treat time as an external 

constraint rather than an endogenous parameter that can be 

dynamically adjusted. This limitation prevents the 

development of more efficient and adaptive education 

systems. 

 

 Research Gap and Theoretical Positioning 

Despite significant advances in digital governance, 

artificial intelligence in education, and human capital theory, 

the literature remains structurally fragmented in its treatment 

of learning systems. This fragmentation is not merely 

thematic; it reflects a deeper conceptual limitation that 

prevents the emergence of a unified theory capable of 

explaining how education systems can be governed as 

adaptive, data-driven infrastructures. 

 

First, research on algorithmic governance has 

extensively examined the transformation of public 

administration through data-driven decision-making, 

predictive analytics, and automated systems (Janssen & Kuk, 

2016; Margetts, 2017; Meijer & Bannister, 2016). These 

studies demonstrate how governance is increasingly mediated 

by algorithms and continuous data flows, enabling real-time 

policy adaptation. However, this body of work remains 

largely confined to administrative and regulatory domains. It 
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does not provide a framework for understanding how core 

societal systems such as education can be restructured as 

algorithmically governed environments, nor does it address 

how internal variables within these systems can be 

dynamically regulated. 

 

Second, the literature on artificial intelligence in 

education has made substantial progress in modeling and 

optimizing learning processes through personalization, 

learning analytics, and intelligent tutoring systems (Luckin, 

2018; Holmes et al., 2019). While these approaches have 

significantly improved micro-level learning efficiency, they 

remain predominantly focused on content adaptation and 

performance prediction. They do not conceptualize AI as a 

governance mechanism, nor do they integrate learning 

processes into broader institutional and policy-level 

dynamics. As a result, AI in education remains largely 

confined to pedagogical innovation rather than being 

theorized as a structural component of public governance. 

 

Third, studies in human capital theory and the 

economics of education have long emphasized the 

relationship between education and economic outcomes 

(Becker, 1964; Hanushek & Woessmann, 2015). However, 

these frameworks implicitly assume that educational time is 

a fixed or exogenous input, treating duration as a proxy for 

investment rather than as a variable subject to optimization. 

This assumption leads to a critical blind spot: the absence of 

a theory explaining how educational time itself can be 

governed, regulated, and optimized within learning systems. 

 

Taken together, these limitations reveal a fundamental 

gap in the literature. Existing research addresses: 

 

 Governance without integrating learning systems, 

 Learning optimization without embedding governance, 

 And education outcomes without questioning the role of 

time as a governable variable. 

 

What remains missing is a unified framework that 

integrates these dimensions into a coherent theoretical 

structure. 

 

More specifically, the literature lacks a model capable 

of addressing the following core problem: 

 

How can educational time be endogenized as a 

governable variable and regulated through algorithmic 

systems within a multi-level public governance architecture? 

 

This gap is not incremental; it is structural. Without 

integrating time into the logic of algorithmic governance, 

current models remain incapable of explaining how learning 

systems can simultaneously optimize performance and 

efficiency. Similarly, without embedding AI-driven learning 

processes into governance frameworks, personalization 

remains disconnected from institutional and policy 

objectives. 

 

To address this gap, this study develops a novel 

theoretical framework based on the concept of algorithmic 

governance of educational time. The central contribution lies 

in reconceptualizing time as an endogenous, adaptive, and 

optimizable variable embedded within a closed-loop system 

of algorithmic regulation. 

 

Building on this conceptual shift, the study introduces 

the MAES-AI model as a multi-level adaptive governance 

architecture that connects: 

 

 Micro-level learning processes, 

 Meso-level institutional mechanisms, 

 And macro-level policy dynamics. 

 

Unlike existing approaches, the proposed framework 

does not treat these levels as analytically separate. Instead, it 

establishes a continuous feedback structure across scales, 

transforming education systems into self-regulating 

governance ecosystems. 

 

 The Theoretical Contribution of this Study is Therefore 

Threefold 

First, it extends algorithmic governance theory by 

introducing temporal optimization as a central dimension of 

governance, demonstrating that time can be regulated in the 

same way as other policy variables. 

 

Second, it reconceptualizes artificial intelligence in 

education as a governance infrastructure, rather than a set of 

pedagogical tools, thereby bridging the gap between micro-

level learning analytics and macro-level policy systems. 

 

Third, it challenges the foundations of human capital 

theory by demonstrating that learning outcomes are not 

simply a function of time invested, but of how effectively 

time is governed within adaptive systems. 

 

By integrating these dimensions into a unified 

framework, this study moves beyond incremental 

contributions and proposes a new theoretical paradigm: 

education systems should be understood as algorithmically 

governed, temporally optimized, and recursively adaptive 

public systems. 

 

This paradigm shift provides the conceptual foundation 

for rethinking not only education, but also other public 

systems characterized by temporal inefficiencies, positioning 

algorithmic governance as a generalizable framework for 

system optimization in the age of artificial intelligence. 

 

III. CONCEPTUAL FRAMEWORK 

 

 Core Concept: Algorithmic Governance of Educational 

Time 

This study introduces the concept of algorithmic 

governance of educational time, defined as the set of 

computationally mediated mechanisms through which 

educational time is dynamically regulated, optimized, and 

governed within institutional systems using artificial 

intelligence. 
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Departing from traditional models, where educational 

time is treated as an exogenous and fixed constraint, this 

framework reconceptualizes time as an endogenous, adaptive, 

and governable variable embedded within algorithmically 

driven decision systems. This shift represents a fundamental 

transformation in how education systems are structured and 

regulated. 

 

From a theoretical standpoint, this concept operates at 

the intersection of three major streams of literature: 

algorithmic governance, human capital theory, and artificial 

intelligence in education. However, rather than simply 

combining these perspectives, the proposed framework 

reconfigures their relationships by introducing time as the 

central mediating variable linking learning processes, 

institutional regulation, and socio-economic outcomes. 

 

In algorithmic governance literature, decision-making 

is increasingly understood as a continuous, data-driven 

process mediated by computational systems (Janssen & Kuk, 

2016; Margetts, 2017). Yet, these frameworks have not 

explicitly addressed how temporal structures within policy 

domains can be governed and optimized. By contrast, this 

study positions time not merely as a parameter of execution, 

but as a strategic object of governance, subject to continuous 

recalibration through algorithmic mechanisms. 

 

Within human capital theory (Becker, 1964; Romer, 

1990), time is traditionally associated with investment 

duration in education. However, this perspective assumes a 

linear relationship between time and skill acquisition, 

overlooking inefficiencies arising from misalignment 

between learning processes and temporal allocation. The 

present framework challenges this assumption by 

conceptualizing time as a variable whose efficiency depends 

on its alignment with individual learning dynamics. 

 

In the field of AI in education, adaptive systems have 

primarily focused on optimizing content delivery and learner 

performance (Luckin, 2018). While these approaches 

introduce personalization, they remain limited to micro-level 

optimization and do not address the governance implications 

of adaptive learning systems. This study extends this 

perspective by embedding adaptive learning within a broader 

governance architecture, where algorithmic systems regulate 

not only what is learned, but also how long learning should 

take. 

 

The originality of this concept lies in its analytical shift: 

educational time is no longer a passive dimension of 

educational systems but becomes an active regulatory lever 

through which learning efficiency, resource allocation, and 

policy outcomes can be simultaneously optimized. 

 

This reconceptualization has profound implications. It 

transforms education systems into cybernetic governance 

systems, where learning processes are continuously 

monitored, evaluated, and adjusted through feedback loops. 

In this configuration, algorithmic systems do not merely 

support decision-making; they become integral components 

of governance itself. 

Ultimately, the concept of algorithmic governance of 

educational time establishes a new theoretical foundation for 

understanding education systems as adaptive, data-driven, 

and temporally optimized public systems, thereby opening a 

new research agenda at the intersection of digital governance 

and educational transformation. 

 

 Multi-Level Architecture of Algorithmic Governance of 

Educational Time 

To operationalize this conceptual shift, this study 

develops a multi-level systemic architecture that articulates 

the governance of educational time across macro, meso, and 

micro levels. This architecture provides the structural 

backbone through which algorithmic governance 

mechanisms are deployed and coordinated. 

 

At the macro level, the system is framed as a public 

governance infrastructure integrating four interdependent 

components: artificial intelligence, institutional governance, 

educational time, and socio-economic development. In this 

configuration, AI functions as a decision engine, institutional 

structures provide regulatory legitimacy, educational time 

operates as a strategic variable, and socio-economic outcomes 

represent the ultimate objective of the system. 

 

This macro-level perspective introduces a causal chain 

in which AI-driven personalization enables the emergence of 

algorithmic governance mechanisms, which in turn optimize 

educational time and contribute to socio-economic 

development. 

 

As illustrated in Figure 1, this process is structured as a 

continuous and feedback-driven system rather than a linear 

sequence. 

 

 
Fig 1 Conceptual Architecture of the Algorithmic 

Governance of Educational Time and its Impact on Socio-

Economic Development 
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At the meso level, the architecture translates these 

strategic principles into operational mechanisms within 

educational institutions. Here, algorithmic governance is 

enacted through the interaction of three key subsystems: 

institutional actors (e.g., universities, regulatory bodies), AI-

driven infrastructures, and pedagogical processes. These 

subsystems collectively enable the implementation of 

adaptive learning pathways, competency-based validation, 

and dynamic time optimization. 

 

As illustrated in Figure 2, these components are not 

isolated but operate within an integrated governance 

framework, where institutional regulation, technological 

systems, and pedagogical processes are continuously aligned 

to enable adaptive learning and optimize educational time. 

 

 
Fig 2 Meso-Level Operational Architecture of Algorithmic Governance of Educational Time Integrating Institutional, 

Technological, and Pedagogical Subsystems 

 

This level highlights the importance of institutional 

conditions of possibility, including regulatory frameworks, 

digital infrastructure, and organizational capabilities. Without 

these enabling conditions, algorithmic governance cannot be 

effectively implemented, regardless of technological 

sophistication. Thus, governance is not reduced to technology 

but emerges from the alignment between technical systems 

and institutional structures. 

 

At the micro level, the architecture focuses on the 

learning process itself, conceptualized as a closed-loop 

adaptive system governed by algorithmic mechanisms. This 

level is operationalized through the MAES-AI model, which 

integrates observation, decision-making, execution, 

validation, feedback, and adjustment within a continuous 

regulatory cycle. The micro level constitutes the functional 

core of the system, where individual learning trajectories are 

dynamically optimized. 

 

The key contribution of this multi-level architecture lies 

in its vertical coherence. Unlike fragmented approaches that 

isolate pedagogical innovation from institutional governance, 

this framework establishes a continuous linkage between 

levels. Macro-level policy objectives shape meso-level 

institutional arrangements, which in turn structure micro-

level learning processes. Conversely, data generated at the 

micro level are aggregated and fed back into higher levels, 

enabling continuous system adaptation. 

 

This bidirectional dynamic transforms the education 

system into a self-regulating governance ecosystem, 

characterized by continuous feedback across scales. In this 

configuration, algorithmic governance operates as a unifying 

mechanism that synchronizes individual learning processes 

with institutional and policy-level objectives. 

 

Furthermore, this architecture introduces a shift from 

static to dynamic governance models. Traditional education 

systems rely on periodic evaluation and fixed curricula, 

whereas the proposed framework enables real-time regulation 

through continuous data flows. This transformation aligns 

education systems with broader trends in digital governance, 

where responsiveness, adaptability, and data integration are 

central. 

 

From a theoretical perspective, the multi-level 

architecture extends existing models of adaptive learning by 

embedding them within a governance framework. It also 

expands algorithmic governance literature by introducing a 

domain where temporal optimization plays a central role. By 

integrating these perspectives, the framework provides a 

systemic theory of algorithmically governed education 

systems, grounded in both technological and institutional 

dimensions. 

 

In sum, the proposed architecture does not merely 

describe how education systems can be optimized; it 

redefines them as complex adaptive governance systems, in 

which time, data, and decision-making are continuously 

aligned to maximize both learning outcomes and policy 

effectiveness. 
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 Micro-Level Architecture of the MAES-AI Model: A 

Closed-Loop Adaptive Governance System 

At the micro level, the MAES-AI model conceptualizes 

the learning process as a closed-loop adaptive governance 

system, in which individual learning trajectories are 

continuously regulated through algorithmic mechanisms. 

This perspective departs from traditional pedagogical models 

by framing learning not as a linear progression, but as a 

cybernetic system governed by feedback, adaptation, and 

dynamic optimization. 

 

In this architecture, the learner is represented as a 

dynamic state within a system that continuously evolves in 

response to data-driven interventions. The core function of 

the model is to ensure the real-time alignment between 

learner needs, pedagogical actions, and temporal efficiency, 

thereby transforming learning into a regulated process rather 

than a passive experience. 

 

The MAES-AI model is structured around six 

interdependent functions—observation, decision, execution, 

validation, feedback, and adjustment—organized within a 

continuous regulatory loop. These functions collectively form 

a self-regulating system, where outputs are recursively 

reintegrated into subsequent decision cycles. 

 

As illustrated in Figure 3, this architecture operates as a 

closed-loop adaptive system in which each function 

contributes to the continuous regulation of learning 

trajectories, enabling real-time alignment between learner 

states, pedagogical actions, and time optimization. 

 

 
Fig 3 Micro-Level Architecture of the MAES-AI Model as a Closed-Loop Adaptive System. 

 

 Observation: Multidimensional Learner State Diagnosis 

The first function of the system consists of observing 

and diagnosing the learner’s state through a multidimensional 

analytical framework. This process relies on learning 

analytics, machine learning, and knowledge tracing 

techniques to capture cognitive, behavioral, and temporal 

dimensions of learning. 

 

Unlike traditional assessment methods, which provide 

static and episodic evaluations, this diagnostic process 

operates continuously, producing a real-time representation 

of the learner’s evolving state. This representation constitutes 

the perceptual layer of the system, enabling the 

transformation of raw data into actionable information. 

 

From a governance perspective, observation functions 

as the informational foundation of regulation, ensuring that 

all subsequent decisions are grounded in data-driven insights 

rather than predefined assumptions. 

 

 Decision: Adaptive Algorithmic Steering 

Based on the diagnostic output, the system generates an 

adaptive decision aimed at determining the optimal learning 

trajectory. This decision is produced through predictive 

models and reinforcement learning mechanisms capable of 

identifying the most efficient sequence of pedagogical 

actions. 

 

This stage represents the control layer of the system, 

where algorithmic intelligence translates information into 

strategic interventions. The decision-making process is 

inherently dynamic, continuously updated as new data 

become available. 

 

Crucially, decision-making in the MAES-AI model is 

not static or rule-based; it is probabilistic and context-

sensitive, allowing the system to adapt to heterogeneous 

learning profiles. This feature distinguishes the model from 

traditional adaptive learning systems, which often rely on 

predefined pathways. 
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 Execution: Personalized Pedagogical Deployment 

The execution phase corresponds to the implementation 

of the selected learning trajectory. It involves the delivery of 

personalized content, activities, and interaction modalities 

tailored to the learner’s profile. 

 

In this configuration, pedagogy is no longer 

standardized but dynamically constructed, resulting in a fully 

individualized learning environment. Execution thus serves 

as the operational layer through which algorithmic decisions 

are translated into concrete learning experiences. 

 

Importantly, execution is not a terminal stage but part of 

an ongoing process, continuously influenced by feedback and 

subsequent adjustments. 

 

 Validation: Competency-Based Evaluation as Regulatory 

Input 

Validation constitutes a critical function within the 

system, enabling the assessment of learning outcomes 

through competency-based evaluation mechanisms. Unlike 

traditional assessment models, which are often summative 

and detached from the learning process, validation in MAES-

AI is continuous, contextualized, and directly integrated into 

the regulatory loop. 

 

This phase generates high-resolution data on learner 

performance, serving as a key input for system regulation. 

From a systemic perspective, validation operates as a 

measurement function, ensuring that the system maintains 

alignment between intended and actual outcomes. 

 

By grounding evaluation in competencies rather than 

time-based metrics, the model reinforces its central premise: 

learning progression should be determined by mastery, not 

duration. 

 

 Feedback: Intelligent Regulatory Signal Generation 

Following validation, the system generates an 

intelligent feedback signal designed to guide both the learner 

and the system itself. This feedback may take the form of 

explanations, recommendations, or corrective actions, 

tailored to the learner’s specific needs. 

 

Feedback in the MAES-AI model serves a dual 

function. At the learner level, it supports cognitive adjustment 

and skill acquisition. At the system level, it provides the 

information necessary for recalibrating future decisions. 

 

In this sense, feedback acts as the regulatory signal 

within the closed-loop system, enabling continuous 

adaptation and preventing divergence between system 

objectives and learner outcomes. 

 

 Adjustment: Dynamic Reconfiguration of Learning 

Trajectories 

The final function of the system is dynamic adjustment, 

through which learning trajectories are recalibrated based on 

feedback signals. This process ensures that the system 

remains responsive to changes in learner state, continuously 

optimizing both performance and temporal efficiency. 

Adjustment represents the adaptive layer of governance, 

where the system modifies its own behavior in response to 

observed outcomes. This recursive process is what enables 

the closure of the loop, transforming the model into a truly 

adaptive system. 

 

Importantly, adjustment is not merely reactive; it is 

anticipatory, incorporating predictive elements that allow the 

system to preempt potential learning difficulties. 

 

 Systemic Closure: The Closed-Loop Governance 

Mechanism 

The defining feature of the MAES-AI model is the 

closure of the regulatory loop. Each cycle of observation, 

decision, execution, validation, feedback, and adjustment 

generates new data that are reintegrated into the system, 

ensuring continuous evolution. 

 

This closed-loop structure aligns the model with 

principles of cybernetics and control theory, where system 

stability and optimization are achieved through iterative 

feedback processes. In this configuration, learning becomes a 

self-regulating process, governed by continuous data flows 

and adaptive decision-making. 

 

The closure of the loop is not only a technical property 

but a governance mechanism, enabling the system to maintain 

coherence across its components while dynamically 

responding to environmental and individual variations. 

 

 Systemic Implications: Learning as Algorithmic 

Governance 

Taken as a whole, the micro-level architecture redefines 

learning as a process governed by algorithmic regulation 

rather than static instructional design. The interaction of its 

components produces cumulative effects on both learner 

performance and time efficiency, positioning the model as a 

mechanism for optimizing educational outcomes at scale. 

 

This perspective extends beyond pedagogy, situating 

learning within a broader governance framework. By 

integrating continuous feedback, adaptive decision-making, 

and temporal optimization, the MAES-AI model 

operationalizes the concept of algorithmic governance at the 

level of individual learning processes. 

 

As such, the micro-level architecture constitutes the 

functional core of the broader system, linking individual 

adaptation to institutional regulation and policy-level 

objectives. 

 

 Formalization of the MAES-AI Model as a Closed-Loop 

Adaptive Governance System 

To strengthen the analytical rigor of the proposed 

framework, the MAES-AI model is formalized as a closed-

loop adaptive governance system in which the learner’s state 

evolves through recursive interactions between diagnosis, 

algorithmic decision-making, pedagogical execution, 

competency validation, feedback generation, and dynamic 

adjustment. This formalization serves three purposes. First, it 

clarifies the internal logic of the model. Second, it makes 
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explicit the role of educational time as an endogenous and 

optimizable variable. Third, it provides a theoretically 

consistent basis for future empirical testing. 

 

 Learner State Representation 

Let learner i at time t be represented by a 

multidimensional state vector: 

 

 
 

Where: 

 

 Ki(t) denotes the learner’s current knowledge state; 

 Ci(t) denotes cognitive characteristics affecting learning 

dynamics; 

 Bi(t) denotes behavioral engagement; 

 Ti(t) denotes cumulative educational time mobilized in the 

learning process. 

 

This formulation is central to the contribution of the 

article because time is explicitly modeled as a state variable, 

rather than being treated as a fixed external constraint. In 

other words, the learner’s progression is not evaluated solely 

in terms of knowledge acquisition, but also in terms of the 

temporal efficiency through which this acquisition is 

achieved. 

 

 Functional Structure of the Closed-Loop System 

The MAES-AI model is composed of six 

interdependent functions forming a recursive adaptive cycle. 

 

 Diagnostic Function 

The first function captures the multidimensional diagnosis of 

the learner’s state: 

 

Di(t) = Φ(Si (t) ) 

 

Where Di(t) represents the diagnostic output produced 

from the learner state. This function transforms raw learner 

data into an interpretable representation of needs, gaps, pace, 

and behavioral conditions. 

 

 Adaptive Decision Function 

On the basis of diagnostic information, the system 

generates an adaptive pedagogical decision: 

 

Ai(t) = Ψ(Di (t)) 

 

Where Ai(t) denotes the algorithmically generated 

decision regarding what should be learned, how it should be 

learned, and at what pace. 

 

 Pedagogical Execution Function 

The selected decision is then translated into a 

personalized pedagogical intervention: 

 

Pi(t) = Ω(Ai(t) , Si(t)) 

 

Where Pi(t) represents the personalized pedagogical 

execution resulting from the interaction between the system’s 

recommendation and the learner’s current state. 

 

 Validation Function 

The outcome of the pedagogical intervention is 

subsequently evaluated through competency-based 

validation: 

 

Vi(t) = Θ(Pi(t)) 

 

Where Vi(t) captures the validated evidence of mastery, 

progression, or persistent learning gaps. 

 

 Intelligent Feedback Function 

Validation outputs are converted into regulatory 

feedback signals: 

 

Fi(t)=Γ(Vi(t),Si(t)) 

 

Where Fi(t) denotes the set of explanatory, corrective, 

or predictive feedback signals used to regulate subsequent 

learning actions. 

 

 Dynamic Adjustment Function 

Finally, the learner state is updated through an 

adjustment process: 

 

Si(t+1) = Λ(Si(t), Fi(t)) 

 

This function closes the loop by producing the learner’s 

next state as a function of both the previous state and the 

regulatory information generated through feedback. 

 

 Recursive Closed-Loop Representation 

The MAES-AI model can therefore be represented as a 

recursive transformation: 

 

Si(t+1) = Λ(Si(t), Γ(Θ(Ω(Ψ(Φ(Si(t))) ,Si(t))), Si(t))) 

 

This expression formalizes the internal closure of the 

system. It shows that the learner’s evolution is not driven by 

isolated interventions, but by a structured sequence of 

algorithmically coordinated transformations operating in 

continuous feedback. 

 

From a theoretical standpoint, this recursive 

representation is critical because it distinguishes the MAES-

AI model from linear instructional models. The system is not 

based on one-directional content delivery; it is based on 

continuous adaptive regulation. 

 

 State Transition Interpretation 

The recursive structure may also be written more 

compactly as: 

 

Si(t+1) = f(Si(t)) 

 

Where f denotes the global transformation induced by 

the entire adaptive loop. 
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This compact representation highlights that the MAES-

AI model behaves as a dynamic state-transition system. 

However, unlike conventional state-transition models, the 

transformation function f is not static. It is itself informed by 

diagnostic intelligence, feedback sensitivity, and adaptive 

recalibration mechanisms. The model therefore combines 

dynamics, learning regulation, and governance logic. 

 

 Educational Time as an Endogenous Optimization 

Variable 

The main theoretical innovation of the model lies in the 

treatment of educational time as an endogenous optimization 

variable. Let 𝐾𝑖
∗  denote the target competency threshold 

required for the learner. The system objective is to identify a 

learning trajectory that minimizes time while ensuring 

competency attainment: 

 

minTi 

 

Subject to: 

 

Ki(t) ≥  𝐾𝑖
∗ 

 

This formulation means that the system does not seek 

learning acceleration for its own sake. Rather, it seeks the 

minimum efficient educational time compatible with actual 

mastery. This point is fundamental: the objective is not speed 

without learning, but temporally efficient competency 

acquisition. 

 

Thus, optimization in the MAES-AI model is 

constrained by educational quality. This prevents the 

framework from being interpreted as a purely technocratic 

time-reduction mechanism and reinforces its legitimacy as a 

governance model oriented toward both efficiency and 

effectiveness. 

 

 Output Structure of the System 

The closed-loop system generates two principal 

categories of outputs. 

 

First, a learning performance output: 

 

Per fi(t) = g(Vi(t)) 

 

Where Per fi(t) denotes validated learning performance 

as derived from competency-based assessment. 

 

Second, a temporal efficiency output, defined as the 

system’s capacity to reduce unnecessary learning time while 

maintaining target performance: 

 

Eff Ti=h(Ti, Ki(t), 𝐾𝑖
∗) 

 

where Eff Ti captures temporal efficiency as a relational 

output between time spent and competency attained. 

 

Together, these outputs express the dual objective of the 

model: 

 

 Maximizing validated learning performance; 

 Minimizing unnecessary educational time. 

 

This dual-output logic is one of the strongest 

differentiators of the MAES-AI framework relative to 

traditional adaptive learning systems, which generally 

prioritize personalization or performance without formally 

integrating time optimization as a core governance outcome. 

 

 System Interpretation as an Adaptive Governance 

Mechanism 

The formalization demonstrates that the MAES-AI 

model operates simultaneously as: 

 

 A dynamic system, because learner states evolve 

recursively over time; 

 A cybernetic control system, because regulation occurs 

through feedback loops; 

 An optimization system, because the model seeks 

temporally efficient mastery; 

 A governance mechanism, because decisions are 

continuously structured by algorithmic regulation rather 

than fixed instructional routines. 

 

This last point is especially important. The model is not 

merely an educational technology architecture. It is a 

governance architecture applied to learning processes. In this 

configuration, algorithmic functions do not simply assist 

pedagogy; they regulate the allocation of educational time, 

the sequencing of interventions, and the conditions under 

which progression becomes legitimate. 

 

 Theoretical Implications of the Formalization 

This formalization provides analytical support for the 

central claim of the article: educational time can be governed 

algorithmically within a closed-loop adaptive system. By 

embedding time directly into the learner state and linking its 

optimization to validated competency acquisition, the model 

establishes a new theoretical basis for understanding 

education systems as temporally regulated governance 

infrastructures. 

 

More broadly, the formal model clarifies that the 

MAES-AI framework is not reducible to personalization 

technology. Its deeper contribution lies in demonstrating how 

artificial intelligence can restructure educational systems 

around recursive regulation, temporal efficiency, and 

competency-based progression. In this sense, the 

formalization consolidates the article’s paradigm shift: from 

static educational administration to adaptive algorithmic 

governance of learning time. 

 

 Multi-Level Integration and Cross-Scale Governance 

Dynamics 

The MAES-AI model is not limited to a micro-level 

adaptive learning system; it constitutes a multi-level 

governance architecture in which interactions across micro, 

meso, and macro levels generate a continuous and self-

reinforcing regulatory dynamic. This section formalizes the 

mechanisms through which these levels are integrated into a 

coherent system of algorithmic governance. 
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At the core of this integration lies a bidirectional flow 

of information and control. At the micro level, the system 

generates high-frequency data on learner states, performance, 

and temporal progression. These data are not confined to 

individual learning processes but are aggregated and 

transmitted to the meso level, where institutional actors 

interpret them to inform organizational decisions, resource 

allocation, and pedagogical strategies. 

 

At the meso level, institutions act as intermediary 

governance nodes, translating macro-level policy objectives 

into operational constraints and enabling conditions. These 

include curriculum design, accreditation standards, 

technological infrastructure, and regulatory frameworks. In 

turn, institutional configurations shape the operational space 

within which the micro-level system evolves. 

 

At the macro level, algorithmic governance is 

embedded within broader public policy systems, where 

aggregated outputs from lower levels inform strategic 

decision-making. These outputs include indicators of learning 

efficiency, time optimization, and human capital formation. 

Through this process, education systems become data-

generating infrastructures for governance, enabling real-time 

monitoring and adjustment of policy interventions. 

 

The integration of these levels is ensured through a 

cross-scale feedback mechanism, in which information flows 

both upward and downward. Upward flows enable the 

aggregation of micro-level data into macro-level insights, 

while downward flows translate policy objectives into 

constraints and parameters that shape system behavior at 

lower levels. 

 

This recursive structure transforms the education 

system into a self-regulating ecosystem, characterized by 

continuous adaptation across scales. Unlike traditional 

hierarchical governance models, where feedback is delayed 

and fragmented, the MAES-AI framework enables real-time 

synchronization between levels, enhancing both 

responsiveness and coherence. 

 

From a theoretical perspective, this multi-level 

integration aligns with principles of complex adaptive 

systems, where local interactions produce emergent global 

outcomes. However, the MAES-AI model extends this 

perspective by introducing algorithmic governance as the 

coordinating mechanism, ensuring that these interactions are 

not only emergent but also directed toward specific 

optimization objectives. 

 

Ultimately, the articulation of architectures across levels 

establishes a unified framework in which learning processes, 

institutional mechanisms, and policy dynamics are 

interconnected through continuous data flows and adaptive 

regulation. This integration constitutes a key contribution of 

the model, enabling the transformation of education systems 

into coherent, data-driven governance infrastructures. 

 

 Theoretical Implications and Paradigm Shift 

The MAES-AI model introduces a fundamental shift in 

the theoretical understanding of education systems by 

positioning them as algorithmically governed adaptive 

systems, rather than static institutional structures or isolated 

pedagogical environments. 

 

From a cybernetic perspective, the model embodies a 

closed-loop control system, in which learning processes are 

continuously regulated through feedback mechanisms. This 

perspective extends classical cybernetic theory by 

incorporating advanced AI-driven decision-making, enabling 

not only reactive regulation but also predictive and 

anticipatory adaptation. 

 

Within the framework of complex adaptive systems, the 

model highlights the non-linear interactions between learners, 

algorithms, and institutional structures. These interactions 

generate emergent properties, such as improved performance 

and temporal efficiency, which cannot be reduced to 

individual components. By embedding these dynamics within 

a governance framework, the model bridges the gap between 

complexity theory and public policy analysis. 

 

In the domain of algorithmic governance, the MAES-AI 

model expands existing theories by introducing time as a 

central object of governance. While prior research has 

focused on data-driven decision-making and automation, it 

has largely neglected the role of temporal optimization in 

policy systems. This study demonstrates that time can be 

algorithmically regulated in the same way as other policy 

variables, thereby extending the scope of governance theory. 

 

Moreover, the model contributes to human capital 

theory by challenging the implicit assumption that learning 

outcomes are a function of time spent in education. Instead, it 

posits that time efficiency is contingent on alignment between 

learning processes and adaptive regulation, thereby 

introducing a new dimension to the analysis of educational 

productivity. 

 

One of the most significant theoretical contributions of 

this study lies in its reconceptualization of education systems 

as governance infrastructures. In this view, education is not 

merely a sector of public policy but a system through which 

policy objectives are operationalized and optimized through 

algorithmic mechanisms. 

 

This reconceptualization has broader implications for 

digital governance. It suggests that other policy domains 

characterized by temporal inefficiencies—such as healthcare, 

workforce training, and public service delivery—can be 

restructured using similar closed-loop adaptive systems. 

 

However, this paradigm shift also raises critical 

challenges. The integration of algorithmic governance into 

education systems introduces tensions related to 

transparency, accountability, and the balance between 

automated decision-making and human agency. These issues 

highlight the need for robust governance frameworks capable 
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of ensuring that algorithmic systems operate within ethical 

and institutional boundaries. 

 

In sum, the MAES-AI model does not merely extend 

existing theories; it proposes a new theoretical paradigm in 

which education systems are understood as dynamic, data-

driven, and temporally optimized governance systems. This 

paradigm provides a foundation for future research at the 

intersection of artificial intelligence, public governance, and 

system optimization. 

 

This study advances a new paradigm of algorithmic 

governance, in which time becomes a central regulatory 

variable in adaptive public systems. 

 

 Theory-Driven Hypotheses Development 

Building on the formalization of the MAES-AI model 

as a closed-loop adaptive governance system, this section 

derives a set of theory-driven hypotheses that capture the 

structural relationships between the system’s core functions. 

Unlike conventional hypothesis development based on 

empirical intuition, the hypotheses proposed here are 

analytically grounded in the functional architecture and 

recursive structure of the model. 

 

The MAES-AI framework conceptualizes learning as a 

sequential yet recursive process, where each function 

diagnosis, decision, execution, validation, feedback, and 

adjustment contributes to the evolution of the learner’s state. 

Consequently, the hypotheses reflect both local causal 

relationships and system-level effects emerging from the 

closed-loop structure. 

 

 From Diagnosis to Adaptive Decision-Making 

The diagnostic function Di(t) = Φ(Si(t)) generates a 

multidimensional representation of the learner’s state, 

capturing knowledge, cognitive characteristics, behavioral 

engagement, and temporal progression. 

 

In adaptive systems theory, decision quality is 

fundamentally dependent on the accuracy and completeness 

of the information available. In the MAES-AI model, 

diagnostic accuracy determines the system’s ability to select 

optimal pedagogical strategies. 

 

 H1. The accuracy of the multidimensional diagnostic 

function positively influences the quality of adaptive 

decision-making. 

 

 From Adaptive Decision to Pedagogical Execution 

The decision function Ai(t)= Ψ(Di(t)) produces 

personalized learning strategies, which are operationalized 

through the execution function Pi(t) = Ω(Ai(t), Si(t)). 

 

The effectiveness of pedagogical execution depends on 

how well decisions align with the learner’s actual needs. 

Higher decision optimality leads to more coherent, targeted, 

and personalized learning interventions. 

 

 H2. The quality of adaptive decision-making positively 

influences the effectiveness of personalized pedagogical 

execution. 

 

 From Pedagogical Execution to Competency-Based 

Validation 

The execution phase generates learning outcomes that 

are assessed through the validation function Vi(t) = Θ(Pi(t)). 

 

In competency-based systems, the quality of validation 

is directly conditioned by the relevance and precision of 

pedagogical interventions. Personalized execution produces 

clearer signals of competency mastery, improving 

measurement accuracy. 

 

 H3. The effectiveness of personalized pedagogical 

execution positively influences the precision of 

competency-based validation. 

 

 From Validation to Intelligent Feedback 

The validation function provides the informational basis 

for feedback generation: 

 

Fi(t) = Γ(Vi(t), Si(t)) 

 

High-quality validation produces reliable performance 

signals, enabling the system to generate precise and 

actionable feedback. 

 

 H4. The precision of competency-based validation 

positively influences the effectiveness of intelligent 

feedback. 

 

 From Feedback to Dynamic Adjustment 

Feedback acts as the regulatory signal that drives the 

adjustment function: 

 

Si(t+1) = Λ(Si(t), Fi(t)) 

 

In adaptive systems, effective feedback enhances the 

system’s capacity to recalibrate learning trajectories and 

respond to learner-specific conditions. 

 

 H5. The effectiveness of intelligent feedback positively 

influences the efficiency of dynamic learning path 

adjustment. 

 

 Adjustment and Learning Performance 

Dynamic adjustment modifies the learner’s trajectory in 

a way that improves alignment between learning activities 

and competency requirements. Through iterative 

recalibration, the system reduces inefficiencies and 

accelerates skill acquisition. 

 

 H6. The efficiency of dynamic learning path adjustment 

positively influences learning performance. 

 

 Closed-Loop Effect and Temporal Optimization 

The defining characteristic of the MAES-AI model is its 

closed-loop structure, where each function continuously 

feeds into the next, forming a recursive regulatory system. 
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This recursive mechanism eliminates redundancy, 

targets learning gaps, and dynamically adjusts pacing, 

thereby optimizing educational time. 

 

Formally, this is reflected in the optimization objective: 

 

minTi   

 

Subject to  

 

Ki(t) ≥  𝐾𝑖
∗ 

 

 H7. The integration of closed-loop adaptive mechanisms 

significantly reduces the time required to achieve 

competency thresholds. 

 

 System-Level Emergence: Beyond Linear Causality 

While hypotheses H1–H6 describe sequential 

relationships, the MAES-AI model is fundamentally non-

linear and recursive. The interaction of its components 

generates emergent effects that cannot be reduced to isolated 

relationships. 

 

The recursive composition: 

 

Si(t+1)=Λ(Si(t), Γ(Θ(Ω(Ψ(Φ(Si(t))),Si(t))),Si(t))) 

 

Implies that system performance results from 

cumulative feedback-driven interactions. 

 

 H8. The closed-loop structure of the MAES-AI system 

produces a cumulative effect that enhances both learning 

performance and temporal efficiency beyond the sum of 

individual functional effects. 

 

 Summary of Hypotheses 

The proposed hypotheses collectively represent a 

structured causal chain embedded within a recursive adaptive 

system: 

 

 H1 → H2 → H3 → H4 → H5 → H6 (sequential micro-

level relationships) 

 H7 (time optimization effect) 

 H8 (system-level emergent effect) 

 

This formulation reflects a shift from linear pedagogical 

causality to systemic algorithmic governance, where learning 

outcomes and time efficiency emerge from continuous 

interaction between system components. 

 

Importantly, the hypotheses are directly derived from 

the formal structure of the MAES-AI model, ensuring 

theoretical consistency between conceptual framework, 

mathematical formalization, and empirical testability. 

 

IV. METHODOLOGY 
 

 Research Design: A Design Science Research Approach 

This study adopts a Design Science Research (DSR) 

approach to develop and formalize a novel theoretical artifact: 

the MAES-AI model for the algorithmic governance of 

educational time. 

 

Design Science Research is particularly suited to this 

study because the objective is not merely to explain an 

existing phenomenon, but to design, formalize, and 

theoretically ground a new governance model capable of 

addressing a complex socio-technical problem. Following 

Alan R. Hevner et al. (2004) and Kalle Lyytinen-inspired 

DSR traditions, the research is positioned within a paradigm 

that combines artifact construction, theoretical abstraction, 

and analytical rigor. 

 

In this context, the MAES-AI model is conceptualized 

as a theoretical and formal artifact, rather than a fully 

implemented technical system. Its purpose is to provide a 

structured representation of how educational time can be 

governed through algorithmic mechanisms within adaptive 

learning systems. 

 

 Epistemological Positioning 

The research is grounded in a post-positivist and design-

oriented epistemology, recognizing that complex socio-

technical systems cannot be fully captured through purely 

empirical observation alone. 

 

 Instead, Knowledge is Generated Through: 

 

 The construction of formal models, 

 The integration of theoretical frameworks, 

 And the analytical evaluation of internal coherence and 

explanatory power. 

 

 Within this Perspective, the Validity of the MAES-AI 

Model is not Initially Established Through Empirical 

Generalization, but Through: 

 

 Theoretical consistency, 

 Logical rigor, 

 And its capacity to address a previously unresolved 

problem in the literature. 

 

 Research Process 

The study follows a structured DSR process adapted 

from established frameworks (Hevner et al., 2004; Peffers et 

al., 2007), organized into six interrelated stages: 

 

 Problem Identification 

The research begins by identifying a structural 

limitation in existing education systems: the inefficiency and 

rigidity of educational time allocation, combined with the 

absence of governance frameworks capable of regulating 

time as an adaptive variable. 

 

 Definition of Objectives 

The primary objective is to design a model that enables: 

 

 The endogenization of educational time, 

 The algorithmic regulation of learning processes, 

 And the simultaneous optimization of performance and 

temporal efficiency. 
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 Artifact Design and Conceptual Development 

At this stage, the MAES-AI model is developed as a 

multi-level governance architecture, integrating: 

 

 Micro-level adaptive learning processes, 

 Meso-level institutional mechanisms, 

 Macro-level policy dynamics. 

 

The artifact is further structured around a closed-loop 

system composed of six core functions: 

 

Diagnosis, decision, execution, validation, feedback, 

and adjustment. 

 

 Formalization of the Artifact 

The conceptual model is then translated into a formal 

analytical representation (Section 3.4), where: 

 

 The learner is modeled as a dynamic state vector, 

 System functions are defined as transformations, 

 And the overall process is expressed as a recursive closed-

loop system. 

 

This step is critical, as it transforms the artifact from a 

conceptual proposal into a formally structured theoretical 

model, enabling analytical clarity and future empirical 

operationalization. 

 

 Analytical Evaluation 

Unlike empirical evaluation, this study conducts an 

analytical evaluation of the artifact based on: 

 

 Internal coherence (consistency between components), 

 Theoretical alignment (integration with existing 

literature), 

 Functional completeness (coverage of the learning 

process), 

 And explanatory capacity (ability to address the identified 

research gap). 

 

This form of evaluation is consistent with DSR studies 

focusing on theoretical innovation and model construction, 

particularly when empirical implementation is beyond the 

immediate scope of the research. 

 

 Communication of the Artifact 

The final stage consists of presenting the MAES-AI 

model as a theoretical contribution to the literature, supported 

by: 

 

 A conceptual framework, 

 A formal mathematical representation, 

 And a set of theory-driven hypotheses enabling future 

empirical testing. 

 

 Nature of the Artifact 

The MAES-AI model constitutes a hybrid theoretical 

artifact, combining: 

 

 A conceptual architecture (multi-level governance 

model), 

 A functional structure (closed-loop adaptive system), 

 And a formal representation (recursive system with 

optimization objective). 

 

This multi-dimensional nature allows the model to 

operate simultaneously at: 

 

 A theoretical level (conceptual contribution), 

 An analytical level (formalization), 

 And a prospective empirical level (testable hypotheses). 

 

 Scope and Boundary Conditions 

The study is intentionally conceptual and design-

oriented, and does not aim to provide immediate empirical 

validation. 

 

Instead, it establishes a theoretical foundation for future 

empirical research. The model is applicable to: 

 

 Digital learning environments, 

 AI-driven educational platforms, 

 And institutional contexts where adaptive learning 

systems can be implemented. 

 

However, its effectiveness depends on several 

conditions, including: 

 

 Data Availability, 

 Algorithmic Capabilities, 

 And Institutional Readiness. 

 

 Path Toward Empirical Validation 

Although this study does not conduct empirical testing, 

it explicitly prepares the model for future validation. 

 

 The Hypotheses Derived in Section 3.7 are Structured to 

be Tested Using: 

 

 Structural Equation Modeling (SEM / PLS-SEM), 

 With constructs corresponding to each functional 

component of the model. 

 

 Future Research May Adopt: 

 

 Cross-sectional designs, 

 Longitudinal studies, 

 Or experimental comparisons between adaptive and 

traditional systems. 

 

 Methodological Contribution 

The methodological contribution of this study lies in 

extending Design Science Research beyond technical artifact 

design toward the construction of governance models 

grounded in artificial intelligence. 

 

 By Combining: 

 

 Conceptual Modeling, 

 Formal System Representation, 

 And Theory-Driven Hypothesis Development, 
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The study demonstrates how DSR can be used to 

produce rigorous, generalizable, and analytically structured 

theoretical contributions in the domain of digital governance. 

 

V. RESULTS AND DISCUSSIONS 

 

 Analytical Results: Validation of the MAES-AI Model as a 

Closed-Loop Governance System 

Given the design-oriented nature of this study, the 

results are derived from an analytical evaluation of the 

MAES-AI model, rather than from direct empirical testing. 

The objective is to assess whether the proposed artifact 

provides a coherent, theoretically grounded, and functionally 

complete solution to the research problem identified in 

Section 2.4. 

 

The analysis demonstrates that the MAES-AI model 

successfully fulfills the core requirements of a closed-loop 

adaptive governance system. 

 

First, the model establishes a continuous regulatory 

cycle linking diagnosis, decision-making, execution, 

validation, feedback, and adjustment. Unlike linear 

instructional models, where learning progresses through 

predefined sequences, the MAES-AI framework introduces a 

recursive structure in which each function dynamically 

informs the next. This confirms the internal consistency of the 

system as a cybernetic control architecture, where learning 

processes are governed through feedback-driven regulation. 

 

Second, the formalization of the learner as a 

multidimensional state vector integrating knowledge, 

cognition, behavior, and time demonstrates that the system 

captures the complexity of learning processes beyond 

traditional single-dimensional models. In particular, the 

explicit integration of time as a state variable validates the 

central theoretical proposition of the study: educational time 

can be endogenized and treated as a governable parameter. 

 

Third, the recursive formulation of the system: Si(t+1) 

= f(Si(t)) confirms that the MAES-AI model operates as a 

dynamic state-transition system, where learning trajectories 

are continuously recalibrated. This dynamic property is 

essential for ensuring adaptability and responsiveness in 

heterogeneous learning environments. 

 

Fourth, the optimization objective—minimizing 

educational time subject to competency constraints—

demonstrates that the model is not only descriptive but also 

normatively oriented toward efficiency and effectiveness. 

This dual objective differentiates the MAES-AI model from 

existing approaches, which typically prioritize performance 

without formally integrating time optimization. 

 

Taken together, these analytical results confirm that the 

MAES-AI model satisfies the defining properties of: 

 

 A closed-loop adaptive system, 

 A cybernetic governance mechanism, 

 And an optimization framework centered on educational 

time. 

 Theoretical Discussion 

 

 Reframing Education Systems as Algorithmic Governance 

Infrastructures 

The results support a fundamental reconceptualization 

of education systems. Rather than being understood as static 

institutional arrangements or pedagogical environments, 

education systems can be modeled as algorithmically 

governed infrastructures in which learning processes are 

continuously regulated through data-driven mechanisms. 

 

This perspective extends existing work on algorithmic 

governance by demonstrating that governance can operate not 

only at the level of administrative processes, but also at the 

level of human capital formation itself. In this configuration, 

learning becomes a governed process, structured by 

continuous feedback loops and adaptive decision-making. 

 

 Educational Time as a Governable and Optimizable 

Variable 

One of the most significant implications of the model is 

the transformation of educational time from an exogenous 

constraint into an endogenous governance variable. 

 

Traditional models assume that learning outcomes are a 

function of time invested. The MAES-AI framework 

challenges this assumption by demonstrating that: 

 

 Time allocation can be dynamically adjusted, 

 Inefficiencies can be reduced through targeted 

interventions, 

 And learning duration can be optimized without 

compromising competency acquisition. 

 

This result introduces a new dimension into both 

education theory and governance theory: temporal efficiency 

as a core outcome of algorithmic regulation. 

 

 From Personalization to Systemic Governance 

While existing AI-based educational systems focus on 

personalization, the MAES-AI model demonstrates that 

personalization alone is insufficient to transform education 

systems. 

 

The analytical results show that: 

 

 Personalization operates at the micro level, 

 But governance emerges only when personalization is 

embedded within a multi-level regulatory architecture. 

 

By linking micro-level learning processes to meso-level 

institutional mechanisms and macro-level policy dynamics, 

the model shifts the analytical focus from isolated 

optimization to system-wide coordination. 

 

 Cybernetic Foundations of Learning Systems 

The closed-loop structure of the MAES-AI model 

confirms the relevance of cybernetic theory in understanding 

learning systems. The Interaction Between: 

 

 Observation (Information Acquisition), 
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 Decision (Control), 

 Feedback (Regulation), 

 And Adjustment (Adaptation) 

 

Demonstrates that learning systems can be modeled as 

self-regulating control systems. 

 

However, the MAES-AI framework extends classical 

cybernetics by integrating: 

 

 Artificial Intelligence, 

 Predictive Modeling, 

 And Temporal Optimization. 

 

This results in a more advanced form of cybernetic 

governance, capable of both reactive and anticipatory 

regulation. 

 

 Implications for Human Capital Theory 

The model also challenges foundational assumptions in 

human capital theory. 

 

Rather than treating education as a time-based 

investment, the results suggest that: 

 

 Learning outcomes depend on the efficiency of time 

allocation, 

 Not merely on duration. 

 

 This Shift Implies That: 

 

 Education systems should be evaluated not only in terms 

of output (skills), 

 But also in terms of temporal productivity. 

 

This reconceptualization has significant implications 

for policy design, particularly in resource-constrained 

environments. 

 

 Governance and Policy Implications 

The MAES-AI model suggests a transition from static 

to adaptive governance in education systems. 

 

First, the ability to regulate educational time 

dynamically challenges traditional policy structures based on 

fixed durations (e.g., academic years, standardized 

programs). This opens the possibility of competency-based 

progression systems, where advancement is determined by 

mastery rather than time. 

 

Second, the integration of continuous feedback 

mechanisms enables real-time policy adaptation, reducing the 

lag between policy implementation and evaluation. 

 

Third, the model supports more efficient allocation of 

educational resources by identifying temporal inefficiencies 

within learning processes. 

 

 

 

 However, These Opportunities are Accompanied by 

Critical Challenges, Including: 

 

 Algorithmic transparency, 

 Data governance and privacy, 

 Potential biases in decision-making, 

 And the balance between automation and human agency. 

 

These challenges highlight the need for robust 

institutional frameworks capable of governing algorithmic 

systems responsibly. 

 

 Systemic Implications Beyond Education 

Beyond the education sector, the MAES-AI model 

provides a generalizable framework for understanding how 

time can be governed within complex public systems. 

 

 Domains Such as: 

 

 Healthcare, 

 Workforce development, 

 And public service delivery 

 

Share similar characteristics of temporal inefficiency 

and complexity. 

 

The model suggests that closed-loop adaptive 

governance systems can be used to: 

 

 Optimize resource allocation, 

 Improve system responsiveness, 

 And enhance overall performance. 

 

This positions algorithmic governance as a cross-

sectoral paradigm rather than a domain-specific innovation. 

 

 Limitations and Future Research 

Despite its contributions, this study has several 

limitations. 

 

First, the model is evaluated analytically rather than 

empirically. While this is consistent with the Design Science 

Research approach, empirical validation is necessary to 

assess its practical effectiveness in real-world settings. 

 

Second, the operationalization of constructs such as 

time optimization and feedback effectiveness requires further 

refinement and standardization. 

 

 Third, the Implementation of Such Systems Depends on: 

 

 Data Availability, 

 Technological Infrastructure, 

 And Institutional Readiness. 

 

 Future Research Should Focus on: 

 

 Empirical Testing Using Structural Equation Modeling, 

 Longitudinal Studies Of Adaptive Learning Systems, 

 Integration Of Explainable Ai Mechanisms, 
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 And The Development Of Governance Frameworks 

Ensuring Ethical Deployment. 

 

VI. CONCLUSION 

 

This study has developed a theoretically grounded 

framework for understanding education systems through the 

lens of algorithmic governance, introducing a fundamental 

shift in how learning processes and their temporal 

organization are conceptualized. By positioning educational 

time as an endogenous and governable variable, the research 

challenges one of the most persistent assumptions in both 

education theory and policy design: that time is a fixed 

constraint rather than a dynamic lever of system optimization. 

 

At the core of this contribution, the MAES-AI model 

has been articulated as a closed-loop adaptive governance 

system, in which diagnosis, decision-making, execution, 

validation, feedback, and adjustment are recursively 

integrated into a continuous regulatory cycle. Through this 

structure, learning is no longer treated as a linear progression 

but as a dynamically governed process, continuously 

recalibrated through data-driven mechanisms. This 

transformation situates education systems within a broader 

class of cybernetic infrastructures, where performance and 

efficiency emerge from iterative feedback and adaptive 

control. 

 

The theoretical implications of this work extend across 

multiple domains. In algorithmic governance, the study 

introduces temporal optimization as a central dimension of 

governance, demonstrating that time can be regulated 

alongside other policy variables within adaptive systems. In 

the field of artificial intelligence in education, it reframes AI 

not as a set of pedagogical tools, but as an infrastructural 

mechanism capable of structuring and regulating learning 

processes at scale. In human capital theory, it challenges the 

assumption that learning outcomes are primarily a function of 

time invested, showing instead that the effectiveness of 

education depends on how time is allocated, regulated, and 

aligned with learner-specific dynamics. 

 

Beyond these contributions, the study advances a 

broader conceptual proposition: education systems should be 

understood as algorithmically governed, temporally 

optimized, and recursively adaptive public infrastructures. 

This perspective moves beyond incremental improvements in 

learning efficiency and calls for a systemic reconfiguration of 

how education is designed, managed, and evaluated. In such 

a configuration, educational time becomes a strategic variable 

through which learning outcomes, institutional performance, 

and policy effectiveness can be simultaneously enhanced. 

 

From a governance perspective, this 

reconceptualization opens new avenues for policy design. It 

suggests that traditional time-based structures such as fixed 

program durations and standardized progression models can 

be replaced or complemented by adaptive systems capable of 

regulating learning trajectories in real time. This shift has the 

potential to increase both efficiency and equity in education 

systems, particularly in contexts characterized by resource 

constraints and heterogeneous learning needs. At the same 

time, it raises critical questions regarding transparency, 

accountability, and the role of human agency in 

algorithmically mediated environments, highlighting the 

need for robust governance frameworks. 

 

Importantly, the implications of this study are not 

confined to the education sector. The conceptual architecture 

developed here provides a foundation for rethinking other 

public systems characterized by temporal inefficiencies, 

including healthcare, workforce development, and public 

service delivery. In each of these domains, the integration of 

closed-loop adaptive mechanisms and real-time data flows 

offers the potential to transform static systems into 

responsive, continuously optimized infrastructures. 

 

While the present study has focused on the theoretical 

design and formalization of the MAES-AI model, its full 

potential will be realized through empirical validation and 

practical implementation. Future research should therefore 

examine how such systems perform in real-world contexts, 

explore their long-term effects on learning outcomes and 

equity, and develop governance frameworks capable of 

ensuring their ethical and responsible deployment. 

 

Ultimately, this research proposes a paradigm shift in 

the understanding of education systems. Rather than viewing 

them as static institutional arrangements constrained by fixed 

temporal structures, it positions them as dynamic governance 

systems in which data, algorithms, and time are continuously 

aligned to optimize outcomes. In this new paradigm, 

educational time is no longer a passive constraint it becomes 

a central instrument of governance in the age of artificial 

intelligence. 
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