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Educational research stands at a critical juncture where 
traditional linear models prove insufficient for 
understanding the complex, dynamic nature of learning 
processes. This article proposes a computational mixed-
methods approach as a necessary evolution in 
educational research methodology, encompassing a 
three-level hierarchical framework that integrates 
individual, social, and cultural learning processes 
through network-based modeling. Drawing from 
complexity theory, thermodynamics, and artificial 
intelligence, the article proposes that to guide AI 
applications in education effectively, learning theories 
must become computational to capture the nonlinear, 
emergent properties of learning systems. The framework 
consists of 14 interconnected nodes across micro 
(individual), meso (social), and macro (cultural) levels, 
offering new opportunities for mixed-methods 
researchers to incorporate dynamic modeling, causal 
analysis, and AI partnerships into their methodological 
toolkit. The article provides practical guidance for 
implementing the new approaches alongside traditional 
qualitative and quantitative methods, arguing that such 
integration is essential for advancing educational 
research in an AI-enhanced world. 
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INTRODUCTION:  
WHY LEARNING THEORIES MUST BECOME COMPUTATIONAL 
Educational research today faces a fundamental challenge: its traditional 

methodologies, while valuable, are increasingly inadequate for understanding and 
leveraging the complex, dynamic nature of learning in technology-enhanced environments 
(Gibson & Ifenthaler, 2024). As artificial intelligence (AI) becomes ubiquitous in 
educational settings—from personalized tutoring systems to intelligent assessment 
platforms—researchers and practitioners need learning theories that can interface directly 
with computational systems while preserving the rich insights from decades of educational 
research. 

The imperative for computational learning theories emerges from three converging 
factors. First, traditional linear models that assume constant variance and straightforward 
cause-and-effect relationships fail to capture the nonlinear, emergent properties of real 
learning systems (Gibson & Knezek, 2011). When a student experiences a breakthrough 
moment that transforms their entire approach to mathematics, or when a classroom 
discussion generates collective insights that exceed the sum of individual contributions, 
one witnesses phenomena that linear models cannot adequately represent or predict. 

Second, AI systems require structured, computable representations of learning 
processes to function effectively as educational partners (de Laat et al., 2020). Current AI 
applications often operate as sophisticated content delivery systems rather than genuine 
learning facilitators because they lack theoretical frameworks that can guide their 
understanding of learning as a dynamic, contextual process (Sharples, 2023). Without 
computational learning theories, AI risks remaining trapped in behaviorist paradigms that 
optimize for measurable outcomes while missing the deeper cognitive and social processes 
that drive meaningful learning. 

Third, the exponential growth in educational data—from learning management 
systems, mobile applications, sensor networks, and AI interactions—creates 
unprecedented opportunities to study learning processes in real-time at previously 
impossible scales (Ifenthaler & Gibson, 2020). Yet current theoretical frameworks lack the 
computational structure needed to harness this data meaningfully (Baker & Siemens, 
2014). Research teams risk drowning in data while remaining theoretically impoverished. 

Computational learning theories represent a paradigm shift from static descriptions of 
learning phenomena to dynamic, testable models that can evolve and adapt based on 
empirical evidence (Gibson & Ifenthaler, 2024). Unlike traditional theories that describe 
learning retrospectively, computational approaches enable predictive modeling, real-time 
adaptation, and continuous theory refinement through machine learning algorithms. This 
shift does not abandon the insights of constructivism, social learning theory, or cultural-
historical approaches; instead, it provides a mathematical and computational foundation 
that can integrate these perspectives while making them accessible to AI systems (Gibson 
et al., 2023). 

For mixed-methods researchers, this evolution represents both an opportunity and a 
challenge. The opportunity lies in gaining access to powerful new analytical tools that can 
reveal patterns and relationships invisible to traditional methods. The challenge involves 
developing computational literacy while maintaining the methodological rigor and human-
centered focus that characterizes the best educational research (Gibson et al., 2019). 

This article describes, in non-technical language, a comprehensive framework for 
computational learning theories based on a three-level hierarchical model that spans 
individual, social, and cultural learning processes. Drawing from complexity theory, 
network science, and decades of research in educational games and simulations, it presents 
both theoretical foundations and practical implementation strategies for researchers ready 
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to expand their methodological toolkit. The following section discusses the theoretical 
foundation, including the limitations of current theories, the need for inclusion of complex 
systems and physical systems, and the implications for research. Following that, the 
narrative provides an overview of the three-level framework, and then a detailed overview 
of the AI applications implied by the framework. With those preliminaries in place, the 
article then presents three sections focused on the methodological implications, practical 
implementation issues, and future research opportunities entailed by the three-level 
framework. 

THEORETICAL FOUNDATION:  
FROM STATIC TO DYNAMIC LEARNING MODELS 

LIMITATIONS OF CURRENT APPROACHES 

Educational research has long relied on methodological approaches that, while 
rigorous, carry assumptions that limit their applicability to the complex realities of learning 
environments. Traditional quantitative methods often assume linear relationships, constant 
variance, and independence of observations—assumptions that are systematically violated 
in real learning contexts (Gibson & Knezek, 2011). When researchers use analysis of 
variance to compare learning outcomes across different instructional methods, they 
typically ignore the network effects among students, the nonlinear trajectories of individual 
learning, and the temporal dynamics that characterize authentic learning processes. 
Comparably, qualitative approaches, while capturing rich contextual detail, often struggle 
to generate generalizable insights or integrate findings across different scales of analysis. 
A case study that beautifully illuminates the learning processes within a particular 
classroom may offer limited guidance for understanding how similar processes might 
unfold in different cultural contexts or how individual insights aggregate into collective 
knowledge. 

The problem is not that these approaches are wrong, but they must be understood as 
partial. Each captures important aspects of learning while missing others. Linear regression 
can identify significant predictors of academic achievement, but it cannot model the tipping 
points where struggling students suddenly accelerate their learning. Ethnographic methods 
can reveal the cultural dynamics that shape learning opportunities, but they may not capture 
the cognitive mechanisms that individual students use to construct understanding. Perhaps 
most critically, traditional approaches struggle with the temporal dimension of learning. 
Cross-sectional studies provide snapshots of learning outcomes but miss the dynamic 
processes that generate those outcomes. Even longitudinal studies typically treat time as a 
linear variable rather than recognizing that learning systems exhibit complex temporal 
patterns, including delays, accelerations, oscillations, and phase transitions. 

COMPLEXITY THEORY IN LEARNING SCIENCE  

Complexity theory offers a fundamentally different approach to understanding 
educational phenomena by focusing on the dynamic interactions among system 
components rather than treating those components as independent variables. In complex 
systems, small changes can cascade through the system to produce large effects 
(nonlinearity), components adapt based on feedback from the system (emergence), and the 
system's history influences its future behavior (path dependence, network effects, and 
feedback loops). These characteristics are immediately recognizable in educational 
contexts. A single encouraging comment from a teacher can transform a student's 
relationship to a subject (nonlinearity). Classroom norms emerge from the interactions 
among students and teachers in ways that cannot be predicted from individual 
characteristics alone (emergence). Students' prior experiences with failure or success in 
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mathematics profoundly shape their response to new mathematical challenges (path 
dependence). 

Feedback loops are particularly crucial in learning systems. Individual learning affects 
group dynamics, which in turn influence individual learning opportunities. When a student 
asks a clarifying question, it may prompt other students to recognize their confusion, 
leading to a class discussion that deepens everyone's understanding. This enhanced 
understanding then increases the likelihood of future questions and discussions, creating a 
positive feedback loop that can transform the learning environment. Network effects add 
another layer of complexity. Students learn not only from teachers and materials but from 
their peers, and these learning networks exhibit properties that cannot be reduced to 
individual relationships. Information, motivation, and confusion all propagate through 
networks in ways that can amplify or dampen learning opportunities. Social network 
analysis has revealed that a student's position in the classroom social network is often a 
better predictor of academic achievement than traditional demographic variables (Borgatti 
et al., 2009). 

The recognition of educational systems as complex adaptive systems has profound 
implications for research methodology. It suggests that understanding learning requires 
studying processes rather than outcomes, relationships rather than characteristics, and 
trajectories rather than positions. It also implies that effective educational interventions 
must work with system dynamics rather than against them.  

THE PHYSICS OF LEARNING: ENERGY AND INFORMATION 

Computational learning theories, in addition to their psychological and social 
foundations, are grounded in physical principles, particularly thermodynamics and 
information theory (Gibson et al., 2023; Gibson & Ifenthaler, 2024). This approach treats 
learning as a physical process that transforms energy into structure and information, 
providing a mechanistic foundation for understanding why learning occurs and how it can 
be enhanced. The thermodynamic perspective begins with the observation that learning 
requires energy. Students must metabolize food to power brain activity, and this energy is 
dissipated through the work of building neural connections, forming memories, and 
constructing mental models. This process is inherently irreversible—once learning occurs, 
the system cannot return to its previous state, even if specific facts are forgotten. 
Information theory adds another dimension by distinguishing between conserved resources 
(energy) and non-conserved resources (information). While energy follows conservation 
laws and cannot be created or destroyed, information can be multiplied almost infinitely at 
low energy cost or can be lost entirely. This distinction helps explain why some learning 
processes are more demanding than others and why certain types of knowledge are more 
fragile than others. 

The concept of the "adjacent possible," borrowed from Stuart Kauffman's work in 
computational biology, provides a framework for understanding the physical ecology of 
learning motivation (Kauffman, 2000). Living systems are driven to explore possibilities 
that are adjacent to their current state—achievable through small modifications or 
extensions of existing capabilities. In learning contexts, this suggests that motivation is 
highest when challenges are within the zone of proximal development (Vygotsky, 1978), 
requiring effort but remaining achievable. 

This physical perspective also illuminates the relationship between individual and 
collective learning. Just as biological systems can exhibit emergent properties that arise 
from but cannot be reduced to individual components, learning communities can develop 
collective intelligence that exceeds the sum of individual contributions. Understanding 
these emergent properties requires modeling the energy and information flows that connect 
individual learners within larger systems. 
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IMPLICATIONS FOR RESEARCH DESIGN 

The complexity and physics perspectives have profound implications for how 
educational researchers design studies, collect data, and analyze findings. Rather than 
seeking to control variables to establish relationships, complexity-informed research seeks 
to understand the patterns of relationships that generate observed phenomena. This shift 
requires new approaches to sampling and measurement. Instead of random sampling from 
populations, researchers need to sample relationships and networks. Instead of measuring 
variables at discrete time points, researchers need to capture continuous processes. Instead 
of assuming independence among observations, researchers need to model the 
interdependencies that characterize real learning systems. 

The good news is that contemporary technology makes these new approaches feasible 
(Ifenthaler, 2022). Learning management systems automatically capture detailed 
interaction data. Mobile sensors can monitor physiological indicators of engagement and 
stress. Natural language processing can analyze the content and quality of learning 
conversations in real-time. Machine learning algorithms can identify patterns in these 
complex datasets that would be invisible to traditional statistical approaches. The challenge 
is developing theoretical frameworks that can guide the collection and interpretation of this 
rich data. This is where computational learning theories become essential, providing 
structured models that can bridge between theoretical insights and empirical findings while 
remaining accessible to AI systems that increasingly mediate educational experiences. In 
the following section, we outline a three-level framework for such theories.  

THE THREE-LEVEL FRAMEWORK:  
MICRO, MESO, AND MACRO LEARNING PROCESSES 

FRAMEWORK OVERVIEW 

The computational learning theory framework is organized as a hierarchical network 
structure spanning three levels of analysis (Gibson & Ifenthaler, 2024): micro (individual 
learning), meso (social learning), and macro (cultural learning). This three-level model 
encompasses 14 nodes and 88 edges, representing the entities and relationships that 
characterize learning processes across different scales of human activity. Unlike traditional 
hierarchical models that treat levels as independent, this framework emphasizes 
interpenetration—the ways that processes at each level both depend on and influence 
processes at other levels. Individual learning occurs within social contexts that shape its 
trajectory, social learning occurs within cultural contexts that define its possibilities, and 
cultural learning ultimately depends on the creative contributions of individuals and 
groups. 

The computational representation of this framework offers several advantages for 
researchers. First, it provides a common language for describing learning phenomena 
across different scales, enabling researchers to connect findings from cognitive studies, 
classroom ethnographies, and policy analyses. Second, it makes explicit the assumptions 
about causality and relationship that often remain implicit in traditional theories. Third, it 
enables dynamic modeling and simulation, allowing researchers to test hypotheses about 
how changes at one level might propagate through the system. Each level of the framework 
can function as a unit of analysis while remaining connected to the other levels. A 
researcher studying individual problem-solving processes can focus on the micro-level 
network while treating the meso and macro levels as context. A researcher studying 
organizational learning can focus on the meso level while drawing on micro-level insights 
about individual cognition and macro-level insights about cultural constraints.   
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MICRO LEVEL: INDIVIDUAL LEARNING (PKK MODEL) 

The micro level focuses on individual learning processes through an integration of 
three theoretical perspectives: Piaget's equilibration theory (Piaget, 1985), Keller's ARCS 
motivation model (Keller, 2009), and Kauffman's autocatalytic processes (Kauffman, 
2000). This integration, termed the PKK model, provides a comprehensive account of how 
individuals construct knowledge through dynamic interactions with their environment. 

Piaget's equilibration theory contributes four phases that characterize the cognitive 
processes involved in learning: disequilibration, assimilation, accommodation, and 
equilibration (Piaget, 1985). These phases represent moments in an ongoing cycle. 
Disequilibration occurs when individuals encounter information or experiences that do not 
align with their existing mental frameworks, creating cognitive discomfort that motivates 
learning. Assimilation involves incorporating new information into existing schemas 
without fundamentally altering those frameworks. Accommodation requires modifying 
mental frameworks to integrate new information that cannot be assimilated. Equilibration 
represents a dynamic state of balance where new learning is now integrated and the 
individual is ready for new challenges (Ifenthaler & Seel, 2013). 

Keller's ARCS model (attention, relevance, confidence, satisfaction) contributes to an 
understanding of the motivational forces that drive transitions between cognitive phases 
(Keller, 2009). Attention mediates the transition from disequilibration to assimilation by 
focusing cognitive resources on relevant information. Relevance drives the transition from 
assimilation to accommodation by connecting new information to the learner's goals and 
interests. Confidence supports the transition from accommodation to equilibration by 
providing the psychological resources needed to risk changing established mental 
frameworks. Satisfaction completes the cycle by reinforcing successful learning and 
preparing the learner for new challenges. 

Kauffman's autocatalytic processes provide the physical mechanisms that underlie 
these cognitive and motivational processes (Kauffman, 2000). Drawing from 
thermodynamics, this perspective treats learning as a dissipative process that transforms 
energy into structure and information. The four phases of the learning cycle correspond to 
different types of thermodynamic processes: isothermal expansion (disequilibration), 
adiabatic expansion (assimilation), isothermal compression (accommodation), and 
adiabatic compression (equilibration). 

This physical grounding helps explain why learning is universally motivated—it 
represents a fundamental drive of living systems to expand into the adjacent possible space 
of their environment. It also explains why learning is inherently irreversible and why 
effective learning experiences require careful attention to energy and information 
management. 

The PKK model is represented as a directed network with four nodes (the cognitive 
phases) and four edges (the motivational transitions). This representation enables 
computational modeling of individual learning trajectories, prediction of learning 
outcomes based on initial conditions, and design of AI interventions that support specific 
phases of the learning cycle. 

Research applications of the micro-level model include tracking individual learning 
progressions, identifying optimal challenge levels, designing personalized feedback 
systems, and understanding how individual differences in motivation and cognition 
influence learning outcomes. The model's computational structure makes it accessible to 
AI systems while preserving the rich insights of constructivist learning theory.   
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MESO LEVEL: SOCIAL LEARNING (HPL MODEL) 

The meso level extends the individual learning model to encompass social learning 
processes through an adaptation of the How People Learn (HPL) framework developed by 
Bransford and colleagues (Bransford et al., 2000). This level focuses on learning within 
teams, organizations, and communities of practice where knowledge is constructed through 
social interaction and collaboration. 

The HPL model identifies four critical components of effective learning environments 
(learner-centered, knowledge-centered, assessment-centered, and community-centered). In 
the computational framework, these components become network nodes with bidirectional 
relationships, creating a fully connected network of 24 edges (each node connects to three 
others, and those connections are two-way) that represents the complex interdependencies 
among social learning processes. 

The learner node represents individuals within their social contexts, incorporating the 
micro-level PKK processes while adding social dimensions such as identity development, 
role negotiation, and collaborative skill building. Unlike isolated individual learning, social 
learning requires learners to articulate their thinking, respond to alternative perspectives, 
and coordinate their cognitive processes with others. 

The knowledge node represents the collective knowledge resources of the learning 
team or community, including both explicit knowledge (documented facts, procedures, and 
principles) and tacit knowledge (shared practices, cultural norms, and intuitive 
understandings). This knowledge is dynamic rather than static, continuously evolving 
through the contributions of community members and the challenges posed by new 
problems and contexts. 

The assessment node encompasses the formal and informal processes through which 
learning communities evaluate individual and collective progress. This includes traditional 
assessment practices but extends to peer feedback, self-reflection, and community 
validation of new ideas. Assessment serves not only to measure learning but to shape it by 
communicating values and priorities. 

The community node represents the social and cultural context within which learning 
occurs. This includes the formal structures of organizations but extends to informal 
networks, shared practices, and collective identity. The community provides resources and 
constraints for learning while being shaped by the learning that occurs within it. 

The bidirectional relationships among these nodes capture the complex feedback loops 
that characterize social learning systems. Individual learning influences community 
knowledge, which shapes assessment practices, which in turn impact individual motivation 
and engagement. Assessment practices reflect community values, which influence the 
types of knowledge that are prioritized, which shape individual learning goals. 

Research applications of the meso-level model include studying team learning 
dynamics, analyzing organizational learning capabilities, designing collaborative learning 
environments, and understanding how communities of practice develop and maintain their 
knowledge. The model's network structure enables analysis of information flow, influence 
patterns, and emergent properties that arise from social learning processes. 

MACRO LEVEL: CULTURAL LEARNING (CHAT MODEL) 

The macro level addresses learning processes that span multiple learning communities 
and cultures through an extension of Cultural-Historical Activity Theory (CHAT) 
developed by Vygotsky and Engeström (Engeström, 1999). This level focuses on how 
learning mediates cultural change and how cultural factors shape learning opportunities 
across different contexts. 
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The CHAT model identifies six components of activity systems (subject, object, 
artifact, community, rules, and division of labor or roles). In the computational framework, 
these components become network nodes with complex relationships that can represent 
cultural learning processes ranging from scientific paradigm shifts to the emergence of new 
educational technologies. 

The subject node represents the agents of cultural learning—individuals, groups, or 
organizations that initiate or participate in cultural change processes. These subjects bring 
their unique histories, capabilities, and motivations to cultural learning while being shaped 
by the cultural contexts in which they operate. 

The object node represents the goals, problems, or purposes that motivate cultural 
learning activities. These objects are often complex and multifaceted, requiring 
collaboration across different communities and perspectives. The transformation of objects 
through cultural learning processes represents the primary mechanism of cultural change. 

The artifact node encompasses the tools, technologies, symbols, and practices that 
mediate cultural learning. These artifacts embody cultural knowledge while enabling new 
forms of learning and communication. The development and adoption of new artifacts 
represent a primary pathway for cultural change. 

The community node represents the broader cultural contexts within which learning 
occurs, including multiple organizations, disciplines, and cultures. These communities 
provide resources and constraints for learning while competing and collaborating in 
complex networks of relationships. 

The rules node encompasses the formal and informal norms, values, and practices that 
guide cultural learning activities. These rules emerge from cultural history while being 
continuously renegotiated through learning processes. Changes in rules represent 
fundamental shifts in cultural learning possibilities. 

The roles node represents the division of labor and responsibility within cultural 
learning systems. Different actors play different roles in cultural learning processes, and 
the evolution of these roles represents an important dimension of cultural change. 

The relationships among these nodes are fully bidirectional and can include self-
referential loops, creating a network of 60 edges (each node links to 5 others, and each link 
is two-way) that represents the complex dynamics of cultural learning systems. These 
relationships enable modeling of cultural change processes, analysis of cross-cultural 
learning dynamics, and design of interventions that support beneficial cultural 
transformations. 

Research applications of the macro-level model include studying the spread of 
educational innovations, analyzing cross-cultural learning collaborations, understanding 
how new technologies reshape cultural learning practices, and designing policies that 
support beneficial cultural change. The model's computational structure enables analysis 
of large-scale cultural learning processes while remaining grounded in the specific 
activities of individuals and communities. 

NETWORK INTEGRATION 

The three levels of the computational learning theory framework are integrated through 
several mechanisms that enable cross-level analysis while preserving the integrity of each 
level. The primary integration mechanism is the subsumption architecture, borrowed from 
robotics, where higher levels depend on lower levels while adding emergent properties that 
cannot be reduced to lower-level components (Brooks, 1991). 

Individual learning processes (micro level) are embedded within social learning 
contexts (meso level) as multiple instances of the PKK model interact within the HPL 
framework. Social learning processes are embedded within cultural learning contexts 
(macro level) as multiple instances of the HPL model interact within the CHAT framework. 
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This embedding preserves the dynamics of each level while enabling cross-level influences 
and emergent properties. 

Persistent homologies provide another integration mechanism by identifying 
functional similarities across levels (Aktas et al., 2019). The learning agent at the micro 
level (individual learner) corresponds to the learning team at the meso level and the 
learning community at the macro level. The cognitive processes that drive individual 
learning have analogs in the social processes that drive team learning and the cultural 
processes that drive community learning. 

Context is defined operationally as the remaining nodes and relationships in the 
network model. When researchers focus on individual learning processes, the social and 
cultural levels provide context. When researchers focus on team learning, individual and 
cultural factors provide context. This delineation of context makes explicit the contextual 
assumptions that are often implicit in traditional research while enabling and fostering 
systematic analysis of contextual effects. 

The integrated framework enables several types of analysis that are difficult or 
impossible with traditional approaches. Researchers can trace how individual learning 
contributions propagate through social networks to influence cultural change. They can 
analyze how cultural factors shape social learning opportunities, which in turn affect 
individual learning processes. They can model the dynamics of cross-level feedback loops 
and identify leverage points for educational interventions. To expand on these possibilities 
for analysis, the next section provides details of the roles for AI at micro, meso, and macro 
levels emerging from the framework. 

AI APPLICATIONS ACROSS THE THREE LEVELS 
MICRO LEVEL AI ROLES 

Artificial intelligence applications at the micro level focus on supporting individual 
learning processes through personalized recommendations, learning analytics, pedagogical 
interventions, and formative feedback systems. These applications align with the four 
phases of the PKK learning cycle, providing targeted support for each phase while 
maintaining the natural dynamics of the learning process. 

During the disequilibrating phase, AI systems can provide personalized 
recommendations that introduce appropriate challenges and novel perspectives. Rather 
than overwhelming learners with irrelevant information, AI can analyze individual learning 
trajectories to identify content, problems, or perspectives that are likely to generate 
productive cognitive dissonance. For example, an AI tutoring system might recognize that 
a student has mastered basic algebraic manipulation and introduce a problem involving 
negative numbers that challenges their current understanding while remaining within their 
zone of proximal development. 

The assimilation phase benefits from AI-powered learning analytics that help learners 
understand their own thinking processes and connect new information to existing 
knowledge. AI can provide visualizations of concept maps, identify patterns in problem-
solving approaches, and suggest connections between current learning and prior 
experience. These analytics function as cognitive mirrors, helping learners develop 
metacognitive awareness while supporting the natural process of integrating new 
information into existing frameworks. 

During the accommodation phase, AI systems can provide pedagogical interventions 
that support the challenging work of restructuring mental models. This might include 
offering alternative representations of concepts, providing scaffolding for complex 
reasoning processes, or suggesting practice activities that help consolidate new 
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understanding. AI can also identify when learners are struggling with accommodation and 
provide additional support or adjust the pacing of instruction. 

The equilibration phase benefits from AI-powered formative feedback systems that 
help learners recognize their progress and prepare for new challenges. Rather than simply 
indicating correctness, AI can provide nuanced feedback about thinking processes, 
highlight areas of growth, and suggest next steps for continued learning. This feedback 
helps learners develop confidence in their new understanding while maintaining motivation 
for continued exploration. 

Research has demonstrated the effectiveness of AI applications that align with these 
learning processes. Adaptive learning systems that adjust difficulty based on individual 
performance have shown significant improvements in learning outcomes (Park et al., 2023; 
Shute & Zapata-Rivera, 2012). Intelligent tutoring systems that provide personalized 
feedback have proven particularly effective for supporting accommodation processes 
(Anderson et al., 1995). Learning analytics dashboards that help learners visualize their 
progress have increased metacognitive awareness and self-regulation (Azevedo & Gašević, 
2019; Sahin & Ifenthaler, 2021). 

The computational structure of the PKK model enables AI systems to understand not 
just what learners are doing but why they are doing it and what they need next. This 
understanding can guide the development of AI applications that truly partner with learners 
rather than simply delivering content and feedback.  

MESO LEVEL AI ROLES   

At the meso level, AI applications developed with the 3-level theory focus on 
supporting both individual participation in social learning and collective intelligence 
processes within teams and communities. These applications need to balance individual 
needs with collective goals while fostering the collaborative knowledge construction that 
characterizes effective social learning. 

For individuals as team members, AI can provide capability matching and task 
allocation support by analyzing individual strengths, interests, and learning needs 
concerning team goals and activities (Ifenthaler, 2014). Machine learning algorithms can 
process diverse data sources, including performance history, stated preferences, and 
interaction patterns, to recommend optimal role assignments and collaboration 
opportunities. This goes beyond simple skill matching to consider learning goals, helping 
ensure that team participation contributes to individual development as part of collective 
success. 

AI can also facilitate collaboration by providing real-time support for communication, 
coordination, and knowledge sharing. Natural language processing can analyze team 
communications to identify misunderstandings, suggest clarifications, and highlight 
important insights that might otherwise be overlooked. AI can serve as a team memory, 
tracking decisions, maintaining shared documents, and reminding team members of 
commitments and deadlines. 

For teams and communities, AI can support collective intelligence processes by 
analyzing group dynamics, identifying knowledge gaps, and facilitating integration of 
knowledge across different perspectives and expertise areas. AI can monitor discussion 
patterns to ensure balanced participation, identify when teams are converging prematurely 
on solutions, and suggest alternative approaches or additional considerations. 

AI can also support community knowledge management by curating content, 
identifying connections between ideas, and maintaining organizational memory. Machine 
learning algorithms can analyze large collections of documents, discussions, and decisions 
to identify patterns, extract insights, and suggest new directions for exploration. This 
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capability is particularly valuable for communities that accumulate large amounts of 
knowledge over time. 

Assessment at the meso level benefits from AI's ability to analyze complex 
collaboration patterns and provide feedback on both individual contributions and collective 
processes. AI can track how ideas develop through team discussions, identify key moments 
in collaborative knowledge construction, and provide insight into effective collaboration 
strategies. This type of assessment goes beyond measuring individual achievement to 
evaluate the quality of collaborative processes and outcomes. 

Research in computer-supported collaborative learning has demonstrated the potential 
for AI to enhance social learning processes. Intelligent collaboration systems have shown 
improvements in team performance, knowledge sharing, and individual learning outcomes 
(Dillenbourg & Evans, 2011). AI-powered discussion forums that provide automatic 
summarization and question generation have increased student engagement and learning 
in online courses (Crossley et al., 2016). 

The meso level of the framework provides theoretical guidance for developing AI 
applications that support social learning while preserving the human relationships and 
cultural practices that make collaboration meaningful and effective. 

MACRO LEVEL AI ROLES 

AI applications at the macro level focus on supporting cultural learning processes that 
span multiple communities, disciplines, and contexts. These applications address some of 
the most challenging problems in contemporary education, including interdisciplinary 
collaboration, cultural exchange, and the integration of diverse knowledge traditions. 

One key application area is the co-creation of learning artifacts that bridge different 
knowledge communities. AI can assist in crafting narratives that explain complex concepts 
across disciplinary boundaries, generating visualizations that make abstract relationships 
concrete, and creating interactive simulations that enable experiential learning about 
complex systems. These artifacts serve as boundary objects, enabling communication and 
collaboration across different communities while respecting the integrity of each tradition. 

AI can also enhance interdisciplinary goal alignment by analyzing the objectives, 
constraints, and capabilities of different communities to identify opportunities for 
productive collaboration. Machine learning algorithms can process large amounts of text 
from different fields to identify conceptual connections, suggest research collaborations, 
and highlight potential conflicts that need to be addressed. This capability is particularly 
valuable for addressing complex problems that require expertise from multiple domains. 

Cross-cutting community formation represents another important application area at 
the macro level. AI can identify individuals and groups with complementary interests and 
capabilities, facilitate introductions and initial collaborations, and provide ongoing support 
for maintaining relationships across different contexts. Social network analysis combined 
with content analysis can reveal hidden connections and suggest new collaboration 
opportunities. 

AI can also support the evolution of research and practice by identifying emerging 
trends, suggesting new directions for investigation, and facilitating the integration of 
insights from different sources. Bibliometric analysis enhanced by machine learning can 
reveal patterns in the development of knowledge that are invisible to human observers, 
suggest new research questions, and identify opportunities for synthesis and integration. 

Assessment at the macro level involves evaluating the success of cultural learning 
initiatives and their impact on the broader educational ecosystem. AI can track the spread 
of innovations across different contexts, analyze the factors that contribute to successful 
adoption, and identify barriers that prevent beneficial changes from taking hold. This type 
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of analysis can inform policy decisions and strategic planning for educational 
organizations. 

Research in computational social science has demonstrated the potential for AI to 
support cultural learning processes. Machine learning analysis of scientific publications 
has revealed patterns in knowledge development and collaboration that inform research 
policy (Fortunato et al., 2018). AI-powered platforms for citizen science have enabled new 
forms of collaboration between researchers and the public (Wiggins & Crowston, 2011). 

The macro-level framework provides theoretical guidance for developing AI 
applications that support cultural learning while respecting the autonomy and integrity of 
different communities and traditions.  

ETHICAL CONSIDERATIONS 

The integration of AI into learning processes across all three levels raises important 
ethical considerations that must be carefully addressed. These considerations include issues 
of agency, privacy, equity, and the potential for AI to either enhance or diminish human 
capabilities and relationships. 

Agency represents perhaps the most fundamental ethical issue. The computational 
learning theory framework emphasizes that learning is inherently about expanding 
agency—the capacity to understand, choose, and act effectively in the world. AI 
applications should enhance rather than replace human agency, providing tools and support 
that enable learners to make more informed decisions while preserving their autonomy and 
responsibility (Heil & Ifenthaler, 2024). 

At the micro level, this means ensuring that AI provides guidance and feedback without 
controlling learning processes. Learners should maintain the ability to reject AI 
recommendations, pursue alternative paths, and shape their own learning experiences. AI 
should function as a cognitive partner rather than an authoritative instructor. 

At the meso level, agency considerations include ensuring that AI supports rather than 
replaces human collaboration and that all team members have meaningful opportunities to 
contribute. AI should help teams make better decisions while preserving democratic 
participation and respecting diverse perspectives. 

At the macro level, agency considerations include ensuring that AI supports rather than 
supplants cultural autonomy and that different communities can maintain control over their 
own knowledge traditions and learning practices. AI should facilitate cross-cultural 
understanding and collaboration while respecting cultural boundaries and differences. 

Privacy represents another critical concern, particularly given the rich data that AI 
systems require to function effectively (Ifenthaler & Schumacher, 2016). The framework's 
emphasis on network relationships and dynamic processes means that AI systems need 
access to detailed information about learning interactions, social relationships, and cultural 
contexts. 

Protecting privacy requires developing technical approaches that enable AI to function 
effectively while minimizing data collection and providing learners with meaningful 
control over their information. Differential privacy, federated learning, and other privacy-
preserving machine learning techniques offer promising approaches for addressing these 
challenges. 

Equity considerations include ensuring that AI applications are accessible to all 
learners regardless of their background, resources, or technical capabilities. The 
computational learning theory framework's emphasis on multiple levels and pathways 
provides a foundation for developing AI applications that can adapt to diverse learning 
needs and contexts. 

However, there is also a risk that AI applications could exacerbate existing inequalities 
if they are designed primarily for privileged populations or if they embed biases from their 
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training data. Addressing these concerns requires intentional design processes that center 
equity from the beginning and ongoing monitoring to identify and address unintended 
consequences. 

In the next section, we address the implications of the framework for mixed-methods 
research: how the toolkit of research expands with network theory, causal modeling, 
innovations in assessment and measurement, and considerations of validation and 
reliability.  

METHODOLOGICAL IMPLICATIONS FOR MIXED-METHODS 
EXPANDING THE MIXED-METHODS TOOLKIT  

The integration of computational approaches into educational research represents a 
significant expansion of the mixed-methods toolkit, offering new ways to combine 
quantitative analysis, qualitative insight, and computational modeling. This expansion does 
not replace traditional approaches but enhances them by providing new tools for capturing 
complexity, analyzing networks, and modeling dynamic processes. 

Traditional mixed-methods research has focused primarily on combining quantitative 
and qualitative approaches to gain a more comprehensive understanding of educational 
phenomena. Quantitative methods provide generalizability and precision while qualitative 
methods provide depth and context. Computational methods add a third dimension by 
enabling dynamic modeling, pattern recognition in large datasets, and simulation of 
complex systems. 

The three-level framework provides a structure for integrating these different 
methodological approaches. Qualitative methods can provide rich descriptions of learning 
processes at each level, quantitative methods can measure relationships and outcomes, and 
computational methods can model the dynamics that connect different levels and generate 
predictions about system behavior. 

For example, a study of classroom learning might use ethnographic methods to 
understand the cultural context (macro level), social network analysis to map collaboration 
patterns (meso level), and learning analytics to track individual learning trajectories (micro 
level). Computational modeling could then integrate these different types of data to 
understand how cultural factors influence social dynamics, which in turn affect individual 
learning outcomes. 

This integration requires developing new competencies and collaborative 
relationships. Educational researchers need basic computational literacy to understand the 
capabilities and limitations of computational methods, especially those with AI as a 
collaborating research partner. Computer scientists need a deeper understanding of 
educational contexts and learning theories to develop appropriate models and algorithms 
that span the levels without interfering with the internal dynamics. Practitioners need 
support to interpret and apply computational findings in their specific contexts and to 
become comfortable with AI as a teaching partner. 

The good news is that contemporary computational tools are becoming more accessible 
to researchers without extensive technical backgrounds. User-friendly software packages, 
cloud computing platforms, and AI-assisted analysis tools are democratizing access to 
computational methods. However, thoughtful application still requires understanding the 
theoretical foundations and methodological assumptions that underlie these tools. 

NETWORK ANALYSIS APPLICATIONS  

Network analysis represents one of the most immediately applicable computational 
methods for educational researchers. Social network analysis can reveal patterns of 
interaction, influence, and knowledge flow that are invisible to traditional observational 
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methods. Learning networks can be analyzed to understand how information and 
motivation propagate through educational communities. 

At the micro level, network analysis can examine the relationships among different 
cognitive processes, learning strategies, and knowledge components within individual 
learners. Concept mapping and knowledge tracing techniques can reveal how learners 
organize information and develop expertise over time. 

At the meso level, network analysis can examine collaboration patterns, 
communication flows, and knowledge sharing within teams and classrooms. Social 
network analysis can identify influential learners, isolated individuals, and subgroups 
within larger learning communities. These insights can inform interventions to improve 
collaboration and ensure inclusive participation. 

At the macro level, network analysis can examine relationships among organizations, 
disciplines, and cultures. Bibliometric networks can reveal patterns of knowledge 
development and collaboration across different fields. Policy networks can show how 
educational innovations spread across different contexts and what factors facilitate or 
impede adoption. 

Contemporary learning management systems, social media platforms, and mobile 
devices generate rich network data that can be analyzed to understand learning processes. 
However, this analysis must be conducted carefully to protect privacy and avoid 
oversimplifying complex social relationships. 

Network analysis also enables new forms of assessment that focus on relationships and 
processes rather than individual characteristics and outcomes. For example, researchers 
can assess the quality of collaboration by analyzing communication patterns, identify 
effective learning strategies by examining how successful learners navigate knowledge 
networks, and evaluate educational interventions by tracking changes in network structure 
and dynamics.   

CAUSAL MODELING OPPORTUNITIES 

One of the most significant opportunities offered by computational approaches is the 
ability to develop and test causal models of learning processes. Traditional educational 
research has focused primarily on correlational relationships, which provide important 
insights but cannot definitively establish causation. Computational methods enable 
researchers to develop explicit causal models and test them using both observational and 
experimental data. 

Structural causal models provide a framework for representing causal relationships 
among variables and testing hypotheses about causal mechanisms. These models can 
incorporate the complex feedback loops and nonlinear relationships that characterize 
learning systems while remaining mathematically tractable and empirically testable. 

Granger causality analysis can identify temporal patterns in time-series data that 
suggest causal relationships. For example, researchers can test whether changes in student 
engagement precede changes in learning outcomes or whether social interactions influence 
individual motivation. While Granger causality does not by itself prove causation in the 
philosophical sense, it provides evidence of temporal precedence that strengthens causal 
inferences. 

Machine learning approaches can identify complex patterns in data that suggest causal 
relationships. Deep learning models can capture nonlinear relationships among many 
variables simultaneously, while techniques like causal discovery algorithms can infer 
causal structures from observational data. 

The three-level framework provides theoretical guidance for developing causal models 
by specifying the entities and relationships that should be included in models at each level. 
The framework's emphasis on dynamic processes and cross-level interactions provides a 
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foundation for developing models that capture the complexity of real learning systems 
while remaining empirically testable. 

Causal modeling also enables new approaches to experimental design. Rather than 
manipulating single variables in isolation, researchers can design interventions that work 
with system dynamics to produce desired changes. Agent-based modeling can simulate the 
effects of different interventions before implementing them in real contexts, reducing costs 
and risks while improving effectiveness. 

ASSESSMENT AND MEASUREMENT INNOVATION 

The computational learning theory framework enables several innovations in 
educational assessment that address longstanding challenges in measuring complex 
learning processes. Traditional assessment approaches often reduce learning to discrete 
skills or knowledge components that can be measured through standardized tests. While 
these approaches provide useful information, they miss much of the richness and 
complexity of authentic learning. 

Stealth assessment, developed through research in educational games, offers an 
alternative approach that embeds assessment seamlessly within learning activities (Shute, 
2011). Rather than interrupting learning to administer tests, stealth assessment 
continuously monitors learner actions and interactions to infer understanding and skill 
development. This approach aligns well with the computational learning theory 
framework's emphasis on learning as a continuous process rather than a series of discrete 
achievements. 

The three-level framework suggests several dimensions along which stealth 
assessment can operate. At the micro level, assessment can monitor individual cognitive 
processes such as attention allocation, strategy selection, and metacognitive awareness. At 
the meso level, assessment can evaluate collaboration skills, communication effectiveness, 
and contribution to collective knowledge construction. At the macro level, assessment can 
examine cultural competence, interdisciplinary thinking, and ability to navigate complex 
systems. 

Evidence-centered design provides an additional framework for developing 
assessments that align with computational learning theories (Mislevy et al., 2003). This 
approach begins with explicit models of learning processes and works backward to identify 
evidence that would indicate progress along those processes. The three-level framework 
provides detailed models of learning processes that can guide evidence identification and 
assessment design. 

Natural language processing and machine learning enable new approaches to analyzing 
complex learning products such as essays, discussions, and creative projects. Rather than 
relying solely on human raters, AI systems can analyze these products to identify patterns 
that indicate learning progress, skill development, and conceptual understanding. 

However, these innovations must be implemented carefully to preserve the human 
elements that make assessment meaningful and fair. AI-powered assessments should 
augment rather than replace human judgment, and learners should have opportunities to 
contest or appeal automated assessments. Assessment should also be designed to support 
learning rather than simply measuring it, providing feedback and guidance that help 
learners improve their performance.  
VALIDATION AND RELIABILITY CONSIDERATIONS 

The integration of computational methods into educational research raises new 
questions about validation and reliability that must be carefully addressed. Traditional 
approaches to validation and reliability are based on assumptions about measurement 
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precision and independence that may not apply to computational models of complex 
learning systems. 

Cross-level validation represents one important consideration. Models developed at 
one level should be consistent with observations at other levels, even though they may 
capture different aspects of learning processes. For example, models of individual learning 
should be consistent with observations of classroom dynamics, even though they focus on 
different scales and timeframes. 

The three-level framework enables systematic approaches to cross-level validation by 
providing explicit models of relationships among levels. Researchers can test whether 
changes predicted by micro-level models occur in meso-level contexts and whether meso-
level interventions produce the individual-level changes that theory would predict. 

Computational model verification represents another important consideration. Unlike 
traditional statistical models that can be validated through well-established procedures, 
computational models may include complex algorithms and simulations that are difficult 
to verify. Researchers need systematic approaches for testing model assumptions, 
validating algorithms, and ensuring that models behave as intended. Human-in-the-loop 
validation provides one approach for addressing these challenges. Rather than relying 
solely on automated validation procedures, researchers can involve human experts in 
evaluating model outputs, identifying errors, and suggesting improvements. This approach 
combines the efficiency of computational analysis with the insight and judgment of human 
researchers. 

Replication represents another challenge for computational research. Unlike traditional 
experiments that can be replicated by following standardized procedures, computational 
studies may depend on specific datasets, algorithms, and computing environments that are 
difficult to reproduce. Researchers need to develop standards for sharing code, data, and 
computational environments that enable meaningful replication. 

The dynamic nature of learning systems also raises questions about the stability and 
generalizability of computational models. Models that work well in one context may not 
transfer to different populations, settings, or time periods. Researchers need approaches for 
testing model robustness and adapting models to new contexts while preserving their 
theoretical foundations. 

In the next section, we address several practical implementation issues, including 
research design, data collection strategies, analysis techniques, technology infrastructure, 
and applications to case studies. 

PRACTICAL IMPLEMENTATION:  
FROM THEORY TO RESEARCH PRACTICE 

RESEARCH DESIGN FRAMEWORK  

Implementing computational learning theories in practice requires a systematic 
approach to research design that integrates theoretical insights with methodological 
capabilities and practical constraints. The three-level framework provides structure for this 
integration by offering multiple units of analysis, explicit models of relationships, and clear 
definitions of context. 

The first step in computational learning research is selecting an appropriate unit of 
analysis. Researchers can focus on individual learning processes (micro level), team or 
classroom dynamics (meso level), or cultural and organizational change (macro level). This 
selection should be guided by research questions, available data, and theoretical interests 
rather than simply defaulting to traditional approaches. 

Context definition represents a crucial second step. In the computational framework, 
context is defined as the remaining nodes and relationships in the network model. This 
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definition makes explicit the contextual assumptions that often remain implicit in 
traditional research while enabling systematic analysis of contextual effects. Researchers 
must decide which aspects of context to include in their models and which to treat as 
background conditions. 

Trajectory analysis provides a powerful approach for studying learning processes over 
time. Rather than focusing on outcomes at specific time points, trajectory analysis 
examines the paths that learners, teams, or organizations follow as they develop. The three-
level framework enables researchers to identify different types of trajectories and 
understand the factors that influence trajectory characteristics such as speed, smoothness, 
and direction. 

The framework also enables researchers to study cross-level influences by tracing how 
changes at one level propagate to other levels. For example, researchers can examine how 
individual learning breakthroughs influence team dynamics or how organizational changes 
affect individual motivation. This type of analysis requires longitudinal data and 
sophisticated modeling techniques, yet it can provide unique insights into the mechanisms 
of educational change. 

Intervention design represents another important application of the framework. Rather 
than designing interventions that target isolated variables, researchers can design 
interventions that work with system dynamics to produce desired changes. The framework 
helps identify leverage points where small changes can produce large effects and 
understand how interventions might have unintended consequences at different levels. 

DATA COLLECTION STRATEGIES 

Computational learning research requires rich, dynamic data that captures learning 
processes as they unfold over time. Traditional data collection approaches that focus on 
outcomes at discrete time points are insufficient for understanding the complex temporal 
patterns that characterize learning systems. 

Multimodal data collection represents one promising approach. Rather than relying on 
single data sources such as test scores or survey responses, researchers can combine 
multiple types of data, including behavioral traces, physiological indicators, social 
interactions, and environmental factors. Learning management systems automatically 
capture detailed interaction data, mobile sensors can monitor engagement and stress 
indicators, and natural language processing can analyze the content and quality of learning 
conversations. 

Time-stamped data collection is essential for computational learning research. Unlike 
traditional research that often treats time as a discrete variable, computational approaches 
require understanding the temporal dynamics of learning processes. All data should be 
time-stamped to enable analysis of sequences, patterns, and relationships over time. 

Real-time data collection enables new forms of adaptive research where data collection 
procedures can adjust based on emerging findings. For example, researchers can use 
machine learning algorithms to identify interesting patterns in real-time and adjust 
sampling procedures to collect additional data about those patterns. This approach can 
increase research efficiency while enabling the discovery of unexpected phenomena. 

However, rich data collection also raises important ethical and practical challenges. 
Researchers must carefully balance the benefits of detailed data with respect for privacy 
and autonomy. Data collection procedures should be transparent, consensual, and designed 
to minimize burden on participants while maximizing scientific value. 

Data integration represents another significant challenge. Combining different types of 
data collected at different time scales and from different sources requires sophisticated 
technical infrastructure and careful attention to data quality and consistency. Researchers 



Computational Mixed Methods 18 

need robust data management systems and clear protocols for ensuring data integrity and 
security.  

ANALYSIS TECHNIQUES 

Computational learning research requires analysis techniques that can handle complex, 
dynamic data while providing meaningful insights about learning processes. Traditional 
statistical techniques are often insufficient for this task, requiring researchers to develop 
competence with newer approaches from machine learning, network science, and 
complexity theory. 

Network trajectory analysis provides one powerful approach for understanding how 
learning networks evolve over time. Rather than analyzing network structure at single time 
points, trajectory analysis examines how relationships form, strengthen, weaken, and 
dissolve over time. This approach can reveal patterns in collaboration development, 
knowledge sharing, and influence propagation that are invisible to static network analysis. 

Phase portrait construction enables researchers to visualize the dynamics of learning 
systems by plotting system variables against each other over time. These visualizations can 
reveal attractors (stable states that systems tend toward), limit cycles (recurring patterns), 
and chaotic behavior (sensitive dependence on initial conditions). Understanding these 
dynamic patterns can provide insights into system stability, predictability, and intervention 
opportunities. 

Attractor identification helps researchers understand the stable patterns that emerge in 
learning systems. Different types of attractors (point, periodic, chaotic) correspond to 
different types of learning dynamics and suggest different intervention strategies. Point 
attractors suggest that systems converge to stable states, periodic attractors suggest cyclical 
patterns, and chaotic attractors suggest complex, unpredictable behavior. 

Machine learning techniques enable pattern recognition in large, complex datasets that 
would be impossible to analyze manually. Supervised learning can identify relationships 
between learning processes and outcomes, unsupervised learning can discover hidden 
patterns in learning behavior, and reinforcement learning can optimize educational 
interventions based on ongoing feedback. 

However, sophisticated analysis techniques also require careful interpretation and 
validation. Machine learning algorithms can identify spurious patterns in data, and complex 
models can be difficult to interpret and understand. Researchers need systematic 
approaches for validating findings, testing robustness, and translating technical results into 
educational insights.   

TECHNOLOGY INFRASTRUCTURE 

Implementing computational learning research requires a robust technology 
infrastructure that can handle large-scale data collection, storage, and analysis while 
maintaining security and privacy. This infrastructure must be designed to support 
collaborative research across different institutions and disciplines while remaining 
accessible to researchers with varying technical capabilities (Hemmler & Ifenthaler, 2022). 

Cloud computing platforms provide scalable solutions for data storage and 
computational analysis. These platforms enable researchers to access powerful computing 
resources without investing in expensive hardware while providing built-in security and 
backup capabilities. However, cloud platforms also raise questions about data sovereignty 
and control that must be carefully considered. 

AI partnership considerations include deciding when and how to involve AI systems 
in research processes. AI can assist with data collection, pattern recognition, hypothesis 
generation, and result interpretation, but human oversight remains essential for ensuring 
research quality and ethical compliance. Researchers need clear protocols for human-AI 
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collaboration that preserve human agency while leveraging AI capabilities (de Laat et al., 
2020). 

Ethical data management requires systematic approaches for protecting participant 
privacy, ensuring data security, and providing participants with meaningful control over 
their information. Differential privacy, federated learning, and other privacy-preserving 
techniques offer promising approaches for enabling research while protecting individual 
privacy. 

Interoperability represents another important consideration. Research infrastructure 
should be designed to enable data sharing and collaboration across different institutions 
and platforms while respecting institutional policies and participant preferences. Open 
standards and protocols can facilitate collaboration while preserving institutional 
autonomy. 

Sustainability planning is essential for ensuring that research infrastructure can 
continue operating over the long time periods required for longitudinal learning research. 
This includes planning for technology updates, staff transitions, and funding changes while 
maintaining data integrity and research continuity. 

CASE STUDY APPLICATIONS 

The computational learning theory framework has been applied in several contexts that 
demonstrate its practical utility and research potential. These case studies illustrate how the 
framework can guide research design, data collection, and analysis while providing insights 
that would be difficult to achieve through traditional approaches. 

Teacher education simulations represent one successful application area. SimSchool, 
a classroom simulation platform, enables preservice teachers to practice teaching skills in 
a controlled environment while generating detailed data about their decision-making 
processes (Gibson & Kruse, 2012). The simulation incorporates computational models of 
student learning and behavior that enable realistic interactions while providing rich data 
for research. 

Research with simSchool has demonstrated how computational approaches can capture 
aspects of teacher knowledge that are difficult to measure through traditional assessments. 
Teachers who use the simulation develop what researchers call "heuristic knowledge"—
intuitive understanding of teaching processes that emerges through practice but is difficult 
to articulate explicitly (Gibson & Kruse, 2012). This type of knowledge can be inferred 
from patterns in simulation behavior even when teachers cannot describe it directly. 

Collaborative learning environments represent another application area where 
computational approaches provide unique insights. Researchers have used network 
analysis to examine collaboration patterns in online learning environments, identifying 
factors that contribute to effective teamwork and knowledge sharing (Kerrigan et al., 2021). 
These studies reveal how individual characteristics, task design, and technological 
affordances interact to influence collaborative learning outcomes. 

Cultural exchange programs provide examples of macro-level applications where 
computational approaches can examine cross-cultural learning processes. Researchers 
have used natural language processing to analyze student reflections from study abroad 
programs, identifying patterns in cultural learning and adaptation that emerge over time 
(Chen & Hitt, 2021). These studies reveal how cultural learning involves not just acquiring 
new information but developing new ways of thinking and being in the world. 

Each of these case studies demonstrates how computational approaches can 
complement traditional research methods while providing new insights into learning 
processes. The key to successful implementation is careful attention to theoretical 
foundations, methodological rigor, and ethical considerations while remaining open to 
unexpected discoveries and emergent patterns. 
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In anticipation of the summary and conclusion of this article, the next section outlines 
the needs for further methodological development, technical integration, and theoretical 
extensions. 

FUTURE DIRECTIONS AND RESEARCH OPPORTUNITIES 
METHODOLOGICAL DEVELOPMENT NEEDS 

The integration of computational approaches into educational research creates a need 
for new methodological developments that can address the unique challenges and 
opportunities of studying complex learning systems. These developments must balance 
theoretical rigor with practical feasibility while remaining accessible to researchers with 
diverse technical backgrounds. 

Standardized computational modeling protocols represent a critical need for ensuring 
reproducibility and comparability across different studies. Unlike traditional experimental 
procedures that can be described in sufficient detail for replication, computational studies 
often involve complex algorithms, large datasets, and sophisticated software systems that 
are difficult to reproduce. The research community needs shared standards for 
documenting computational procedures, sharing code and data, and validating model 
implementations. 

Cross-level validation techniques are needed to ensure that models developed at 
different levels of the three-level framework are consistent with each other and with 
empirical observations. Traditional validation approaches focus on single levels of 
analysis, but computational learning theories require validation approaches that can 
address the relationships among individual, social, and cultural processes. This might 
involve developing new statistical techniques, simulation approaches, or mixed-methods 
protocols. 

Ethical framework development represents another crucial need as computational 
approaches raise new questions about privacy, consent, agency, and fairness that existing 
research ethics frameworks may not adequately address. The rich data required for 
computational learning research can reveal intimate details about learning processes, social 
relationships, and personal characteristics that require new approaches to protecting 
participant welfare while enabling scientific progress. 

These methodological developments will require collaboration among educational 
researchers, computer scientists, ethicists, and practitioners to ensure that new approaches 
are both scientifically rigorous and practically useful. Professional organizations, funding 
agencies, and journals have important roles to play in supporting this development work 
and establishing standards for the field.  

TECHNOLOGY INTEGRATION 

Emerging technologies create new opportunities for implementing computational 
learning theories while also presenting new challenges for researchers and practitioners. 
These technologies must be evaluated carefully to understand how they can enhance rather 
than complicate educational research and practice. 

Large language models, for example, represent perhaps the most significant 
technological development for computational learning research. These systems 
demonstrate unprecedented capabilities for natural language understanding and generation, 
enabling new forms of interaction between learners and computational systems. However, 
they also raise questions about accuracy, bias, and appropriate use that must be carefully 
considered in educational contexts. 

Virtual and augmented reality platforms enable new forms of immersive learning 
experiences that can simulate complex environments while capturing detailed behavioral 
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data. These platforms can support experiential learning about phenomena that are difficult 
to access while providing rich data about learning processes. However, they also require 
significant technical infrastructure and may not be accessible to all learners. 

Internet of Things technologies enable the collection of ubiquitous data, capturing 
learning processes as they occur in natural environments rather than controlled laboratory 
settings. Sensors embedded in learning environments can monitor engagement, 
collaboration, and environmental factors that influence learning while providing real-time 
feedback to learners and instructors. However, these technologies also raise significant 
privacy concerns that must be carefully addressed. 

The key to successful technology integration, from the standpoint of the three-level 
theory, is maintaining focus on learning processes and educational outcomes rather than 
being driven by technological capabilities. New technologies should be evaluated based on 
how well they support the implementation of computational learning theories and whether 
they enhance or detract from meaningful learning experiences. 

THEORETICAL EXTENSIONS 

The computational learning theory framework outlined here provides a foundation for 
several theoretical extensions that could enhance understanding of learning processes while 
addressing limitations of the current model. These extensions should be guided by 
empirical evidence and practical needs rather than theoretical elegance alone. 

Cross-cultural validation studies are needed to understand how the three-level 
framework applies across different cultural contexts and educational systems. While the 
framework is designed to be culturally inclusive, its development has been primarily based 
on research conducted in Western educational contexts. Validation studies in different 
cultural settings could reveal modifications or extensions needed to make the framework 
truly universal. 

Longitudinal development tracking represents another important extension that could 
enhance understanding of how learning processes change over longer periods. The current 
framework focuses primarily on short-term learning processes, but education involves 
development over years and decades. Understanding how the basic learning mechanisms 
change as learners mature could provide insights into lifelong learning and educational 
planning. 

Interdisciplinary collaboration models could extend the framework to address learning 
that spans multiple disciplines and knowledge domains. Contemporary challenges like 
climate change, public health, and technological development require interdisciplinary 
collaboration, but the current framework does not fully address how learning occurs across 
disciplinary boundaries. Extensions in this area could inform curriculum design and 
educational policy for addressing complex global challenges. 

These theoretical extensions should be pursued through collaborative research that 
brings together scholars from different disciplines and cultural backgrounds. The 
complexity of learning processes requires diverse perspectives and expertise to fully 
understand and address. 

CONCLUSION:  
A CALL FOR COMPUTATIONAL MIXED-METHODS RESEARCH 

SUMMARY OF KEY ARGUMENTS 

This article has presented a comprehensive case for expanding mixed-methods 
research in education to include computational approaches, specifically through the 
integration of computational learning theories that can guide both research design and 
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practical applications. The argument rests on three foundational premises that together 
justify this methodological expansion. 

First, traditional educational research methodologies, while valuable, are insufficient 
for understanding the complex, dynamic, and nonlinear nature of learning processes in 
contemporary educational environments. Linear statistical models that assume constant 
variance and independence among observations systematically miss the feedback loops, 
network effects, and emergent properties that characterize real learning systems. Similarly, 
qualitative approaches, while providing rich contextual insight, often struggle to generate 
findings that can scale across different contexts or integrate with the computational systems 
that increasingly mediate educational experiences. 

Second, the rapid integration of artificial intelligence into educational settings creates 
an urgent need for learning theories that can interface directly with computational systems 
while preserving the insights of educational research. Current AI applications in education 
often function as sophisticated content delivery systems rather than genuine learning 
partners because they lack theoretical frameworks that can guide their understanding of 
learning as a dynamic, contextual process. Computational learning theories provide the 
structured, mathematically grounded frameworks that AI systems require while 
maintaining fidelity to the rich insights of constructivist, social, and cultural learning 
theories. 

Third, the exponential growth in educational data creates unprecedented opportunities 
to study learning processes at scales and levels of detail that were previously impossible, 
but only if researchers have theoretical frameworks sophisticated enough to guide the 
collection and interpretation of this rich data. The three-level hierarchical framework 
presented here provides such a framework by integrating individual, social, and cultural 
learning processes within a coherent network model that can handle both quantitative 
analysis and qualitative insight while enabling computational modeling and simulation. 

The three-level framework itself represents a synthesis of established learning theories 
organized as a computational network of 14 nodes and 88 edges. At the micro level, the 
integration of Piaget's equilibration theory, Keller's ARCS motivation model, and 
Kauffman's autocatalytic processes provides a comprehensive account of individual 
learning that grounds cognitive processes in physical mechanisms while remaining 
accessible to AI systems. At the meso level, the adaptation of the How People Learn 
framework creates a network model of social learning that captures the complex 
interactions among learners, knowledge, assessment, and community. At the macro level, 
the extension of Cultural-Historical Activity Theory provides a framework for 
understanding learning processes that span multiple communities and cultures. 

IMPLEMENTATION RECOMMENDATIONS 

For researchers ready to begin incorporating computational approaches into their work, 
implementation should proceed gradually and strategically, building on existing strengths 
while developing new capabilities. The following recommendations provide a roadmap for 
this integration: 

Start with network analysis of existing data. Many educational researchers already 
collect data that can be analyzed using network methods without requiring new data 
collection or sophisticated computational infrastructure. Social interactions, collaboration 
patterns, and knowledge relationships can often be extracted from existing qualitative and 
quantitative data and analyzed using accessible network analysis software. This provides 
an entry point for understanding network thinking while generating insights that 
complement traditional analysis approaches. 

Develop partnerships with computational researchers. Successful implementation 
of computational learning theories requires collaboration between educational researchers 
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who understand learning processes and computational researchers who understand 
modeling and analysis techniques. These partnerships should be based on mutual respect 
and shared learning rather than simple service relationships. Educational researchers bring 
essential domain knowledge while computational researchers contribute methodological 
expertise, but both must develop enough understanding of the other domain to 
communicate effectively. 

Invest in learning analytics infrastructure. While sophisticated computational 
research requires significant technical infrastructure, much can be accomplished with 
contemporary learning management systems, survey platforms, and cloud computing 
services. Researchers should focus on building sustainable data collection and analysis 
capabilities rather than pursuing the most advanced technologies. The goal is to capture 
learning processes as they occur naturally rather than creating artificial research 
environments. 

Prioritize ethical considerations from the beginning. Computational research 
involving rich data about learning processes raises important ethical questions that must be 
addressed proactively rather than retrospectively. Researchers should develop clear 
protocols for protecting privacy, ensuring consent, and maintaining participant agency 
while enabling scientific progress. Institutional review boards may need additional 
guidance for evaluating computational research proposals. 

Engage with the broader research community. The development of computational 
learning theories requires collaboration across traditional disciplinary boundaries and 
methodological communities. Researchers should participate in conferences, workshops, 
and collaborative projects that bring together diverse perspectives. The complexity of 
learning processes requires collective effort rather than individual achievement. 

VISION FOR EDUCATIONAL RESEARCH 

The integration of computational approaches into educational research represents more 
than a methodological expansion; it represents a fundamental shift in how we understand 
and study learning processes. This shift has the potential to transform educational research 
from a field that primarily describes learning phenomena to one that can predict, model, 
and optimize learning processes while preserving the human relationships and cultural 
practices that make education meaningful. 

Enhanced understanding of learning complexity becomes possible when researchers 
have tools that can capture and analyze the dynamic, networked, and emergent properties 
of learning systems. Rather than reducing learning to simple cause-and-effect relationships, 
computational approaches enable researchers to study learning as it actually occurs—as a 
complex process involving feedback loops, network effects, and emergent properties that 
arise from but cannot be reduced to individual components. 

Improved intervention design becomes possible when researchers understand the 
leverage points and feedback mechanisms that characterize learning systems. Rather than 
designing interventions that target isolated variables, researchers can design interventions 
that work with system dynamics to produce sustainable change. Computational modeling 
enables testing intervention designs before implementation, reducing costs and risks while 
improving effectiveness. 

Democratized access to advanced analytics becomes possible as computational tools 
become more accessible and user-friendly. Cloud computing platforms, AI-assisted 
analysis tools, and open-source software are reducing the technical barriers to 
computational research while maintaining scientific rigor. This democratization can enable 
researchers from diverse backgrounds and institutions to contribute to our understanding 
of learning processes. 
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The ultimate vision is an educational research community that combines the rigor of 
quantitative analysis, the insight of qualitative research, and the power of computational 
modeling to address the complex challenges facing education in the 21st century. This 
integration does not replace existing approaches but enhances them by providing new tools 
for understanding and improving learning processes at all levels, from individual cognition 
to cultural change. 

The time for this transformation is now. Artificial intelligence is already reshaping 
educational practice, and educational researchers have both an opportunity and a 
responsibility to guide this transformation in ways that enhance rather than diminish human 
learning and development. Computational learning theories provide a framework for this 
guidance, but only if the research community is willing to embrace the methodological 
innovations they require. 

The choice facing educational researchers is clear: we can continue using 
methodological approaches that were designed for simpler times and less complex 
challenges, or we can develop new approaches that match the complexity and dynamism 
of contemporary learning environments. The framework presented in this article provides 
a starting point for this development, but its success will depend on the willingness of 
researchers to embrace new ways of thinking about and studying learning processes. 

The future of educational research lies not in choosing between traditional and 
computational approaches but in integrating them in ways that preserve the best insights of 
each while creating new possibilities for understanding and improving learning. This 
integration requires courage, collaboration, and commitment, but the potential benefits for 
learners and society justify the effort required. 
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