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Abstract

This study introduces the Human-AI Symbiotic Theory (HAIST), designed to guide authen-
tic collaboration between human researchers and artificial intelligence in academic contexts,
while pioneering a novel AI-assisted approach to theory validation that transforms educa-
tional research methodology. Addressing critical gaps in educational theory and advancing
validation practices, this research employed a sequential three-phase mixed-methods ap-
proach: (1) systematic theoretical synthesis integrating five paradigmatic perspectives
across learning theory, cognition, information processing, ethics, and AI domains; (2) devel-
opment of an innovative validation framework combining three established theory-building
approaches with groundbreaking AI-assisted content assessment protocols; and (3) compre-
hensive theory validation through both traditional multi-framework evaluation and novel
AI-based content analysis demonstrating unprecedented convergent validity. This research
contributes both a theoretically grounded framework for human-AI research collaboration
and a transformative methodological innovation demonstrating how AI tools can system-
atically augment traditional expert-driven theory validation. HAIST provides the first
comprehensive theoretical foundation designed explicitly for human-AI partnerships in
scholarly research with applicability across disciplines, while the AI-assisted validation
methodology offers a scalable, reliable model for theory development. Future research di-
rections include empirical testing of HAIST principles in live research settings and broader
application of the AI-assisted validation methodology to accelerate theory development
across educational research and related disciplines.

Keywords: human-AI collaboration; theory development; educational research methodology;
artificial intelligence; symbiotic learning; AI-assisted validation; theoretical frameworks;
convergent validity

1. Introduction
The integration of artificial intelligence into academic research represents one of the

most significant paradigm shifts in scholarly practice since the digital revolution, funda-
mentally challenging traditional assumptions about knowledge creation, collaboration,
and intellectual discovery. Recent surveys indicate that over 75% of researchers across
disciplines now regularly interact with AI systems, yet fewer than 30% report feeling ade-
quately prepared for effective collaboration [1]. As AI systems demonstrate unprecedented
capabilities, from GPT-4’s performance on graduate-level examinations to AlphaFold’s rev-
olutionary protein structure predictions, researchers face a fundamental question: How can
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we harness AI’s transformative potential while preserving the creativity, critical thinking,
and ethical judgment that define quality scholarship?

This challenge extends far beyond simply learning new tools or adapting existing
workflows. The current moment represents what Kuhn [2] termed a paradigm shift, requir-
ing fundamental reconceptualization of research collaboration itself. Traditional models of
scholarly partnership, designed for human-to-human interaction, prove inadequate when
one “partner” processes information at computational scales while the other contributes
contextual understanding, ethical reasoning, and creative insight. The stakes are consider-
able: improper integration risks either under-utilizing AI’s revolutionary capabilities or,
conversely, compromising human agency and scholarly integrity through over-reliance on
algorithmic outputs.

The emergence of AI in research contexts is fundamentally reshaping our understand-
ing of collective intelligence and collaborative problem-solving. Levy [3] conceptualizes
collective intelligence as a universally distributed form of intelligence that continuously im-
proves and coordinates itself in real-time, enabling new knowledge-producing cultures built
on the rapid and open exchange of ideas. This framework gains unprecedented relevance
as AI capabilities enable researchers to scale up activities and enhance human collective
capability in ways previously impossible [4]. The foundational premise that knowledge is
distributed across individuals rather than concentrated in any single person now extends
to include AI systems as knowledge contributors in this collective enterprise, creating
opportunities for intellectual partnerships that transcend traditional human limitations
while raising profound questions about agency, attribution, and authentic collaboration.

However, current approaches to human-AI interaction in academic contexts often fall
into problematic paradigms that limit transformative potential. Contemporary research
documents ongoing disputes over co-authorship protocols, responsibility attribution, and
the appropriate boundaries of AI autonomy in scholarly work [5–7]. Observational studies
reveal that many researchers treat AI as merely an advanced search engine or writing
assistant, failing to leverage its capacity for genuine collaborative reasoning [8]. Others
demonstrate concerning over-reliance, accepting AI-generated content without adequate
critical evaluation or human synthesis [9]. Neither approach addresses the potential
for authentic intellectual partnership where human scholars and AI systems contribute
complementary cognitive strengths while maintaining human-centered scholarly values
and ethical standards.

In this manuscript, human-centered scholarly values and ethical standards refer to a
baseline set widely recognized in research ethics and academic integrity, namely, respect for
persons, beneficence, and justice [10]; transparency, accountability, and fairness in AI prac-
tice [11,12]; and integrity norms described in contemporary academic policy discourse [13].
We recognize that interpretations vary across disciplines and cultures; we therefore treat
these standards as common denominators that help align human–AI collaboration with
ethical research practice while allowing context-specific elaboration.

The theoretical landscape presents significant gaps that impede optimal human-AI
collaboration. Learning theories developed for purely human contexts, including collab-
orative learning, social cognitive theory, and transformative learning, do not adequately
anticipate intelligent technological partners capable of reasoning, pattern recognition, and
adaptive response [14]. While recent research has explored human-AI complementarity
in decision-making contexts [15], a comprehensive theoretical framework specifically for
human-AI collaboration in academic research does not yet exist. This gap becomes in-
creasingly problematic as research challenges grow in complexity and scale, demanding
collaborative approaches that exceed individual human or AI capabilities.



Informatics 2025, 12, 85 3 of 32

Moreover, the evolutionary path of learning theory has consistently adapted to chang-
ing societal and technological contexts. The transition from behaviorist to cognitivist to
constructivist paradigms reflects an evolving understanding of human learning processes
and technological capabilities [14]. Today, technology’s influence compounds learning de-
mands exponentially, while creating unprecedented opportunities for cognitive partnership.
Although researchers can adapt pragmatically in the absence of a dedicated framework,
the lack of shared principles tends to produce (a) fragmented practices across labs and
fields, (b) inconsistent ethical documentation of AI roles in scholarship, and (c) reduced
comparability and generalizability across studies [8,9]. HAIST’s contribution is to supply
common principles that coordinate practice, documentation, and evaluation in a way that
supports scholarly integrity and cumulative knowledge building.

Simultaneously, traditional approaches to theory validation face limitations when
addressing rapidly evolving technological contexts. Expert review processes, while valu-
able, encounter challenges including limited availability of reviewers with interdisciplinary
expertise, potential biases regarding emerging technologies, and scalability issues when
evaluating novel theoretical constructs [16]. These challenges are amplified for interdisci-
plinary theories addressing emerging technologies, such as AI collaboration, where few
established experts exist and disciplinary boundaries complicate evaluation. The advent
of sophisticated large language models presents new opportunities for systematic and
replicable analysis that could complement traditional validation methods; yet this potential
remains largely unexplored in educational research methodology.

2. Research Purpose and Questions
This study addresses these critical gaps through two interconnected purposes that

advance both theoretical understanding and methodological innovation. First, we de-
velop a comprehensive theoretical framework for human-AI collaboration in academic
research that preserves human agency while optimizing complementary capabilities. Sec-
ond, we demonstrate an innovative validation methodology that integrates traditional
expert assessment with AI-assisted content analysis, creating a replicable approach for
theory development in rapidly evolving technological contexts.

In this study, we propose a novel framework, the Human–AI Symbiotic Theory
(HAIST), which articulates seven principles for authentic, ethically grounded collabo-
ration between researchers and AI systems. HAIST offers seven foundational principles
(Supplementary Materials, File S1) for authentic partnership between human researchers
and AI systems. These principles synthesize insights from learning sciences, complexity
theory, and ethical frameworks to facilitate productive collaboration while upholding
scholarly values and research integrity.

Two primary research questions guide this investigation:
RQ1: What theoretical principles should guide effective human-AI collaboration in

academic research contexts?
RQ2: What evidence supports the theoretical rigor and content validity of a compre-

hensive human-AI symbiotic framework?

3. Significance
This research contributes to scholarship across multiple dimensions, addressing both

immediate practical needs and long-term theoretical advancement. Theoretically, HAIST
addresses a critical void by providing the first comprehensive framework designed specifi-
cally for human-AI collaboration in scholarly contexts. The framework extends founda-
tional learning theories into new domains of human-AI interaction, demonstrating how
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established principles of human learning and development can inform the design of AI
partnerships while preserving core scholarly values.

The practical significance spans multiple stakeholder groups. For individual re-
searchers, HAIST provides principled guidance for navigating AI integration while main-
taining intellectual autonomy and creative ownership. For institutions, the framework
provides conceptual foundations for developing AI integration policies, training programs,
and evaluation criteria that leverage technological capabilities while upholding academic
integrity. For technology developers, HAIST identifies design principles for AI systems
that effectively support rather than replace human intellectual contributions.

Methodologically, this study demonstrates innovative approaches to theory validation
by integrating AI-assisted analysis with traditional expert evaluation. This mixed-methods
triangulation addresses calls for enhanced rigor in theory development while leveraging
AI’s capabilities for systematic and scalable assessment. The demonstrated convergence
between human expert judgment and AI evaluation provides empirical evidence for hybrid
validation approaches that could transform how educational researchers build and refine
theoretical frameworks across diverse domains.

The broader significance lies in positioning human-AI collaboration within the col-
lective intelligence movement while maintaining human agency and scholarly values. As
research communities worldwide increasingly encounter AI integration, from literature
review automation to data analysis augmentation, HAIST provides a principled foundation
for ensuring these technologies enhance rather than replace human intellectual contribu-
tions. The framework envisions a future of scholarship where human creativity, ethical
reasoning, and contextual understanding combine synergistically with AI’s computational
power and pattern recognition capabilities to address complex challenges and advance
knowledge in ways neither could achieve independently.

This work ultimately contributes to what we term “symbiotic scholarship,” a new
paradigm of research practice that transcends traditional human–machine boundaries while
preserving the essential human elements of creativity, judgment, and ethical reasoning that
define quality academic inquiry. As artificial intelligence capabilities continue advancing,
frameworks like HAIST become integral to ensuring that technological progress serves
human flourishing and knowledge advancement rather than replacing the irreplaceable
contributions of human intellect and wisdom.

Symbiotic scholarship extends familiar scholarly values into human–AI teaming by
operationalizing: (1) contribution logs attributing AI prompts, outputs, and human ed-
its; (2) bias monitoring protocols (e.g., adversarial re-prompts, cross-model checks); and
(3) responsibility mapping that preserves human accountability for ethical and interpretive
judgments. These mechanisms move beyond abstract ethics toward enforceable practice
in AI-mediated scholarship, addressing contemporary concerns about transparency and
accountability in AI-assisted research [6,13,17].

4. Literature Review
4.1. Theoretical Foundations for Human-AI Collaboration

The emergence of intelligent AI systems in academic research necessitates new the-
oretical frameworks that extend beyond traditional human-centered learning theories.
While established theories provide essential foundations, they require careful adaptation
and integration to address the unprecedented context of researchers collaborating with
intelligent machines. This literature review examines the theoretical landscape across three
interconnected domains: collective intelligence and complementarity research, learning
theory extensions, and theory validation methodology.
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4.2. Collective Intelligence and Human-AI Complementarity
Collective Intelligence as Theoretical Foundation

Human-AI collaboration in research contexts represents a new form of collective intel-
ligence, “a universally distributed intelligence that constantly improves and coordinates
itself in real time, making possible a new knowledge-producing culture built on rapid
and open exchange of ideas” [3]. This conceptualization moves beyond viewing AI as a
tool toward understanding human-AI partnerships as collective problem-solving systems
where “no one person knows everything, everyone knows something” now extends to
include AI systems as knowledge contributors [3].

We characterize AI as a knowledge contributor insofar as it exhibits computational
agency, pattern inference, hypothesis suggestion, and adaptive retrieval, within collabora-
tive workflows. HAIST does not attribute moral agency to AI; ethical authority remains
human. This avoids category errors while acknowledging that AI can shape epistemic
processes as an instrumentally agentive collaborator [18,19].

Surowiecki et al., identifies diversity as a key quality that makes collectives intelligent:
groups should be diverse so different individuals can supplement each other with different
pieces of information. This diversity prediction theorem suggests that cognitive diversity
leads to better solutions by incorporating “a broader set of perspectives that look at different
parts of the problem” (p. 115, [20]). In human-AI contexts, this diversity becomes asym-
metric complementarity; AI systems contribute pattern recognition, data processing, and
statistical reasoning capabilities, while humans contribute causal interpretation, contextual
understanding, and ethical judgment.

4.3. Recent Advances in Human-AI Complementarity

Building on Hemmer et al. [15], Lake et al. [21] suggest that humans often outperform
AI in causal interpretation and intuitive synthesis, whereas AI excels at large-scale pattern
detection. Recent work indicates that agentic systems can approximate causal reasoning or
context adaptation in bounded domains [22]. HAIST preserves a division of labor not as a
blanket exclusion but as a default calibration, with human ethical judgment and reflexive
interpretation serving as non-delegable complements to algorithmic inference.

This complementary research reveals critical insights for academic collaboration. Ef-
fective human-AI partnerships require appropriately calibrated human reliance on AI
recommendations, with quantitative studies consistently showing that human performance
increases when supported by high-performing AI models [15]. However, this collaboration
manifests through distinct paradigms with different theoretical foundations. While tradi-
tional complementarity research suggests humans excel at causal interpretation and AI
excels at pattern detection, recent work indicates that advanced AI systems are developing
capabilities in causal reasoning and context adaptation within bounded domains [22]. How-
ever, human ethical judgment and reflexive interpretation remain non-delegable aspects of
scholarly inquiry [19].

Luckin et al. [23] argue that AIEd should unleash human intelligence by freeing
educators to focus on creativity, empathy, and higher-order judgment. We adopt this
empowerment framing: while future augmentation may be possible, current evidence
supports assistive functions rather than generalized cognitive enhancement. This paradigm
emphasizes AI as an enhancement to existing human capabilities rather than a collaborative
partner. Moving toward the desired collaborative nature of the proposed theory, human–
machine symbiosis, conceptualized initially by Licklider [24], considers both entities as a
unified system rather than separate components, aiming to become more efficient together
than working separately. This paradigm assumes both entities offer different capabilities
that can be leveraged to overcome individual limitations. Further advancement towards the



Informatics 2025, 12, 85 6 of 32

wanted symbiosis, hybrid intelligence combines human and AI team members to “achieve
complex goals by combining human and artificial intelligence, thereby reaching superior
results to those each could have accomplished separately” [25]. This approach emphasizes
collaborative goal achievement through integrated capabilities.

These paradigms inform different approaches to human-AI collaboration, with sym-
biosis offering the most promising foundation for research partnerships that preserve
human agency while leveraging AI capabilities. In HAIST, symbiosis denotes mutual
functional benefit within a unified research system. AI contributes computational agency;
humans contribute creative and moral agency. This asymmetric symbiosis preserves human
primacy over ethical and authorship decisions while leveraging algorithmic strengths [26].

4.4. Learning Theory Foundations and Extensions

The theoretical foundation for human-AI collaboration draws from several established
learning theories, each contributing essential insights that require extension into technolog-
ical partnership contexts. The Information Processing Theory [27] reveals human cognitive
limitations, limited short-term memory, and serial processing constraints, which become
opportunities for complementary AI capabilities. AI systems provide vast memory storage
and parallel processing, enabling “asymmetric cognitive architecture,” where different
agents excel at various cognitive tasks within shared endeavors.

Multiple Intelligences Theory [28] recognizes varied human intelligences (linguistic,
logical-mathematical, spatial) that broaden problem-solving approaches. Extended to
human-AI contexts, AI capabilities (statistical reasoning, pattern recognition, multilingual
processing) represent additional “intelligences” that complement human strengths, sup-
porting heterogeneous teaming where AI contributes problem-solving capabilities humans
may lack.

Perhaps most specific to experienced and educated research professionals, the Social
Cognitive Theory [29] introduces reciprocal determinism, in which individuals and envi-
ronments mutually influence each other. This becomes reciprocal adaptation in human-AI
partnerships: humans modify research approaches based on AI input while AI systems can
be fine-tuned or prompted differently based on human feedback. This dynamic mirrors so-
cial learning processes through observational learning and feedback loops between human
and machine agents.

Recent work has explored the concept of computational agency in AI systems, ex-
amining how AI can exhibit instrumental agency within collaborative workflows while
maintaining human primacy over ethical decisions [19,22]. This distinction between com-
putational and moral agency is crucial for understanding appropriate role divisions in
human-AI partnerships.

To reflect contemporary capabilities, we incorporate recent debates on AI agency,
authorship, and the boundaries of AI autonomy in research contexts that have become
increasingly prominent [5,7,17]. These discussions directly inform how reciprocal determin-
ism operates in human-AI partnerships, where questions of attribution and responsibility
require careful consideration. These works document live disputes over co-authorship, re-
sponsibility, and the boundary conditions of AI autonomy that HAIST explicitly addresses
through ethical primacy, contribution logging, and responsibility mapping.

4.5. Constructivist and Sociocultural Extensions

Vygotsky’s Sociocultural Theory [30] provides particularly relevant insights for human-
AI collaboration. The Zone of Proximal Development (ZPD), tasks learners can accomplish
with guidance, extends metaphorically to AI assistance. AI can enable researchers to
achieve tasks beyond their independent capability by providing computational “scaf-
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folding,” thereby extending the researcher’s ZPD. Simultaneously, researchers guide
AI by curating outputs and ensuring contextual appropriateness, creating bidirectional
scaffolding relationships.

This perspective positions human-AI teams as co-constructive: they jointly produce
insights neither could achieve independently, resembling communities of practice that now
include non-human members. Knowledge construction occurs through dialog and interac-
tion, with AI serving as both learner and teacher depending on the domain and context.

4.6. Systems Theory Foundations

Complex Systems Theory provides crucial insights for understanding emergent prop-
erties of human-AI collaboration. Complex systems exhibit emergence, properties, and
behaviors that arise from component interactions but cannot be predicted from individual
components alone [31]. In human-AI partnerships, novel insights, creative solutions, and
enhanced capabilities can emerge from the iterative interaction between human intuition
and AI analysis in ways neither could achieve independently. This theory’s emphasis
on self-organization suggests that effective human-AI collaborations may develop their
own adaptive patterns and workflows through repeated interaction, creating unique col-
laborative signatures that optimize performance over time. This perspective helps ex-
plain why human-AI partnerships often produce outcomes that exceed the sum of their
individual capabilities.

Socio-Technical Systems Theory [32,33] emphasizes the joint optimization of social
and technical subsystems for optimal performance. This theory is particularly relevant for
human-AI collaboration because it recognizes that technical capabilities alone are insuffi-
cient; the social system (research culture, team dynamics, ethical norms) must be designed
alongside the technical system (AI capabilities, interfaces, workflows) to achieve effective
collaboration. Trist’s [32] principle of joint optimization suggests that human-AI partner-
ships require deliberate attention to both human factors (trust, agency, skill development)
and technical factors (AI reliability, explainability, interface design) simultaneously. This
perspective prevents the common error of focusing solely on AI technical capabilities while
neglecting the human and organizational factors essential for successful implementation.

4.7. Transformative Learning in Technological Contexts

Transformative Learning Theory [34] offers crucial insights for understanding how
human-AI collaboration can foster researcher development. Mezirow emphasizes that “we
are meaning-making beings” and that learning involves “utilizing prior interpretations to
construe new or revised interpretations of meanings of our experiences” (p. 5, [35]).

In human-AI collaboration, this meaning-making becomes bidirectional; humans
learn from AI insights while simultaneously teaching AI through feedback and guid-
ance [36]. Working with AI can create “disorienting dilemmas” that challenge researchers’
assumptions about intelligence, creativity, and research processes, potentially fostering
transformative learning experiences.

Fleming [37] notes that transformative learning through AI collaboration requires
critical reflection on discourse, particularly regarding whether participants have “full and
accurate information,” “the ability to weigh evidence and assess arguments objectively,”
“reflectiveness on AI and personal assumptions,” and “willingness to seek understanding”
(p. 126). This framework suggests AI can catalyze transformative learning by providing
alternative perspectives that challenge existing frames of reference.
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4.8. Ethical Frameworks for Human-AI Research Collaboration

Research Ethics Foundations provide essential principles for maintaining scholarly
integrity in human-AI partnerships. Traditional research ethics frameworks emphasize
principles of respect for persons, beneficence, and justice [10], which require extension
into AI collaboration contexts. Respect for persons means maintaining human agency and
decision-making authority in research processes, ensuring AI enhances rather than replaces
human judgment. In the Belmont sense, beneficence obligates researchers to maximize
benefits and minimize harms. In AI contexts, this may entail increasing reliance on AI
when evidence shows lower error or risk profiles than unaided human judgment. HAIST
therefore treats reliance as a calibration problem, not a priori avoidance, combining bias
monitoring with outcome-oriented harm reduction [10,11,17]

Furthermore, AI Ethics Integration builds on established research ethics by addressing
technology-specific concerns. The IEEE’s Ethically Aligned Design initiative emphasizes
human rights, well-being, and data agency as fundamental principles for AI systems [11].
Mittelstadt [12] identifies key ethical challenges in AI applications, including accountability,
responsibility, transparency, and fairness, all critical for research contexts. In human-
AI research partnerships, these principles translate to requirements for explainable AI
outputs, clear documentation of AI contributions, bias monitoring and mitigation, and
transparent reporting of human-AI collaborative processes. Integrating research ethics
and AI ethics creates a comprehensive framework ensuring that human-AI collabora-
tion maintains the highest standards of scholarly integrity while leveraging technological
capabilities responsibly.

Recent scholarship emphasizes the critical importance of maintaining clear respon-
sibility mapping in AI-mediated research, with humans retaining ethical authority over
interpretive and moral judgments [13,17]. This responsibility framework ensures that while
AI contributes computational capabilities, human researchers maintain accountability for
ethical decisions and scholarly integrity.

Adult Learning Theory [38] emphasizes self-directedness and agency in learning,
particularly relevant since academic researchers are adult learners. Effective adult learning
requires autonomy and problem-centered approaches. Human-AI collaboration must
preserve human control over goal-setting and ethical decisions while leveraging AI for
problem-centered tasks, maintaining researcher ownership of scholarly work.

In Problem-Based Learning Theory [39], essential insights are provided for embedding
human-AI collaboration in authentic research contexts. Problem-based learning empha-
sizes learning through engagement with real, complex problems that lack clear solutions,
requiring learners to develop both content knowledge and problem-solving strategies.
While some breakthroughs (e.g., protein structure prediction) have been achieved by AI
alone, many open problems are better addressed through hybrid teams that couple algorith-
mic breadth with human contextualization, sense-making, and ethical oversight. HAIST
therefore advances collaboration as a performance- and integrity-enhancing default rather
than a logical necessity.

In human-AI research partnerships, this translates to situating collaboration within
genuine research challenges rather than artificial exercises. Hmelo-Silver [40] demonstrates
that problem-based approaches foster deep learning, critical thinking, and collaborative
skills, all essential for effective human-AI research partnerships. The theory’s emphasis
on learner-directed inquiry aligns with maintaining human agency while leveraging AI’s
analytical capabilities to address complex, multifaceted research problems that neither
human nor AI could solve independently.
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4.9. Theory Development and Validation in Educational Research
4.9.1. Established Criteria for Theoretical Quality

Robust theoretical frameworks must meet established scholarly criteria across multiple
dimensions. Theoretical contributions achieve significance through novel insights that bal-
ance comprehensiveness with parsimony while clearly explaining constructs, relationships,
and contexts. Whetten [41] outlines fundamental building blocks. Wacker [42] emphasizes
formal properties: precise conceptual definitions, specified domain limitations, logically
consistent relationships, and testable predictions. Strong theories achieve appropriate
simplicity while explaining phenomena completely, clarifying applicability boundaries.
Kivunja [43] provides education-specific criteria, including relevance to practice, coherence,
clarity, applicability, and alignment with existing knowledge. Educational theories must
demonstrate practical utility while advancing scholarly understanding.

Also important to consider, and it will be emphasized in future research on HAIST val-
idation, Dubin’s [44] systematic approach requires eight elements: units (constructs), laws
of interaction, boundaries, system states, propositions, empirical indicators, hypotheses,
and potentially models. This framework emphasizes progression from abstract constructs
to specific, testable hypotheses, ensuring theories move beyond philosophical speculation
toward empirical examination [41,44,45].

4.9.2. Challenges in Traditional Validation Approaches

Traditional theory validation, through expert peer review, faces inherent limitations.
Experts may disagree, judgments can be subjective, and innovative areas like AI collabora-
tion may lack established experts or encounter reviewer biases. Convening interdisciplinary
expert panels is also time-consuming and not easily scalable.

Bacharach [16] suggests that theories meeting high percentages (>80%) of evaluation
criteria tend toward greater research success, providing useful benchmarks. However, Law-
she’s [46] Content Validity Ratio method, while quantitative, reduces complex judgments
to simplified scales and requires large panels for stable results.

4.9.3. AI-Assisted Validation: Emerging Opportunities

Recent research explores AI’s potential in educational assessment contexts. Studies
examining AI evaluation of student writing reveal mixed but promising results. While
some research shows consistency challenges [47] other work demonstrates AI’s capability
to match human evaluation under controlled conditions [48].

Little to no known prior research has applied AI to theoretical framework validation
in education, making this approach exploratory yet promising and innovative to academic
research. AI offers potential advantages in the systematic, consistent application of eval-
uation criteria while maintaining objectivity, in the sense that human emotion has been
removed from consideration. However, limitations include potential misinterpretation
of nuanced concepts and a lack of proper understanding of contextual significance. This
is where appropriate and effective prompt engineering for generative AI large language
models (LLMs) becomes critical, ensuring evaluations are reproducible and aligned with
scholarly standards.

As Gelso [49] highlights, the strength of a theory lies in its iterative testing and re-
finement, an approach embodied in our AI-integrated validation. Therefore, triangulation
approaches combining human expertise with AI capabilities could leverage the strengths
of both: human understanding of meaning and significance alongside AI’s systematic
consistency and analytical thoroughness. This represents a novel symbiotic approach to
validation methodology that parallels the collaborative principles being theorized. Triangu-
lation comprised: (a) human expert scoring with three theory-quality frameworks [41–43];
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(b) AI scoring by three LLMs using a standardized rubric; and (c) statistical convergence
via ICC, α, MAD, and Pearson correlations [50–52].

4.9.4. Theoretical Gaps and Research Opportunities

The literature reveals significant gaps in understanding human-AI collaboration in
academic contexts. While individual theories provide valuable insights, no comprehen-
sive framework integrates learning theories, complementarity research, systems thinking,
and ethical considerations specifically for scholarly partnerships. Most existing work fo-
cuses on decision-making or task-completion contexts rather than knowledge creation and
research collaboration.

Integrating complex systems and socio-technical perspectives reveals that human-AI
collaboration involves emergent properties and joint optimization challenges that extend
beyond individual learning theories. Similarly, the ethical dimensions of human-AI re-
search partnerships require frameworks that integrate traditional research ethics with
AI-specific concerns, an integration largely absent from current literature. Additionally,
theory validation methodology has not kept pace with technological capabilities. The po-
tential for AI-assisted validation remains unexplored, representing both a methodological
opportunity and a practical necessity as research becomes increasingly interdisciplinary
and complex.

These gaps necessitate new theoretical frameworks that extend established learning
principles into human-AI contexts while demonstrating innovative validation approaches.
The following describes how this study addresses these needs through developing and
validating the Human-AI Symbiotic Theory (HAIST).

5. Materials and Methods
This study employed a sequential three-phase mixed-methods approach to theory

development and validation, progressing from systematic theoretical synthesis through val-
idation framework development to comprehensive theory validation. The methodology in-
tegrates traditional theory development approaches with innovative AI-assisted assessment
techniques, creating a novel framework for theory validation that addresses established
scholarly standards and emerging opportunities for methodological advancement.

5.1. Protocol and Metrics

We evaluated HAIST using three LLMs with distinct training philosophies, ChatGPT 4.5
(OpenAI), Claude (Anthropic), and Grok (xAI), to reduce single-model bias. Each model re-
ceived identical expert-evaluator prompts (Supplementary Materials, File S2) and applied
a seven-dimension rubric (clarity, internal consistency, comprehensiveness, parsimony,
applicability, novelty, structure) with 0–5 anchors and behavioral descriptors.

We archived raw outputs and rationales, then computed inter-model agreement via
ICC (two-way mixed, average measures; Koo & Li, [51]), internal consistency via Cron-
bach’s α (Nunnally & Bernstein, 1994), and dispersion via mean absolute deviation (MAD;
Willmott & Matsuura, 2005, [53]). Convergence with human expert ratings on Whetten,
Wacker, and Kivunja dimensions was assessed using Pearson correlations and effect sizes
(Cohen’s d), following Campbell and Fiske’s [50] convergent-validity logic. Full prompts,
code sheets, and scoring exemplars are in Supplementary Materials, Files S2 and S3.

5.2. Reproducibility and Inputs

Each LLM evaluated the full manuscript (main text and Supplementary Materials), de-
livered in text segments that preserved headings and tables. We provide verbatim prompts,
segment boundaries, and model metadata in Supplementary Materials, File S2. All raw out-
puts are archived with timestamps and model versions to facilitate independent replication.
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5.3. Meta-Application of HAIST Principles

This research itself represents a practical demonstration of HAIST principles in action.
Throughout the theoretical development, validation, and manuscript preparation phases,
we employed human-AI collaboration following the seven HAIST principles:

5.3.1. Complementary Cognitive Architecture (Principle 1)

Human researchers provided theoretical synthesis, critical analysis, and contextual
interpretation, while AI systems (ChatGPT, Claude, Grok) contributed systematic literature
processing, consistency checking, and structured evaluation protocols.

5.3.2. Transformative Agency Enhancement (Principle 2)

AI tools augmented rather than replaced human decision-making, with researchers
maintaining control over theoretical development, interpretation of results, and schol-
arly conclusions.

5.3.3. Experiential Reflective Learning (Principle 3)

The iterative three-trial validation process exemplified collaborative knowledge con-
struction, with human researchers and AI systems engaging in reflective cycles that refined
both the theory and evaluation methodology.

5.3.4. Implementation Guidance for Researchers

• Begin with clearly defined roles: humans for creative synthesis and ethical judgment,
AI for systematic analysis and consistency checking

• Maintain detailed contribution logs documenting AI inputs, human modifications,
and final decisions

• Use AI for initial literature processing and pattern identification, followed by human
critical evaluation and synthesis

• Implement bias monitoring through cross-model validation and human oversight of
AI recommendations

• Establish clear responsibility mapping with humans retaining authority over interpre-
tive and ethical decisions

5.4. Research Design and Philosophical Foundations
5.4.1. Multi-Paradigm Design Framework

This research adopted a multi-paradigm approach that integrates insights from
five philosophical traditions to understand human-AI collaboration comprehensively. The
design accommodates multiple ontological and epistemological perspectives, recognizing
that human-AI collaboration operates across different ways of knowing and understand-
ing reality. Positivist and post-positivist elements provide systematic evaluation criteria,
quantitative reliability measures such as ICC and Cronbach’s alpha, and replicable as-
sessment protocols that ensure methodological rigor. Constructivist and interpretivist
elements acknowledge that knowledge is co-constructed through human-AI dialogue
and that subjective meaning-making occurs within collaborative contexts. Critical and
transformative elements emphasize equity, power dynamics, and ethical frameworks in
human-AI relationships, ensuring that collaboration enhances rather than diminishes hu-
man agency. Pragmatic elements focus on practical effectiveness, iterative problem-solving,
and methodological flexibility that adapts to real-world research needs. Critical realist
elements recognize stratified reality and latent mechanisms in human-AI systems that may
not be immediately observable but influence collaborative outcomes.
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5.4.2. Sequential Mixed-Methods Rationale

The three-phase sequential approach was selected to address the complexity of theory
development while demonstrating methodological innovation. Each phase builds sys-
tematically on previous outcomes, creating a cumulative understanding that strengthens
theoretical development and validation methodology [54]. Phase 1 provides the theoretical
foundation necessary for subsequent validation by establishing HAIST’s core principles and
their theoretical grounding. Phase 2 establishes a traditional validation baseline that enables
meaningful comparison with the AI-assisted evaluation introduced in Phase 3. Phase 3 in-
troduces AI-assisted validation for convergent validity analysis, testing whether innovative
evaluation methods align with established approaches while offering additional insights
for theoretical refinement. This AI-assisted validation approach responds to contemporary
calls for methodological innovation in theory development, particularly in rapidly evolving
fields where traditional expert review faces limitations due to the pace of technological
change and interdisciplinary complexity [7,19].

5.5. Phase 1: Systematic Theoretical Synthesis
5.5.1. Methodological Approach and Justification

This study employed a narrative literature review to guide theoretical synthesis for
HAIST development. Narrative review was selected over systematic review due to the
human-AI collaboration’s emergent, interdisciplinary, and rapidly evolving nature in aca-
demic research. Narrative reviews enable integration of findings from diverse conceptual
domains, accommodate theoretical pluralism, and support construction of new frame-
works based on cross-field insights [55,56]. The approach allows creative synthesis across
traditionally separate disciplines while maintaining scholarly rigor through systematic
analysis protocols.

5.5.2. Multi-Domain Analytical Framework

The theoretical synthesis employed a systematic five-domain analytical approach that
ensured comprehensive coverage of relevant theoretical traditions. The learning theory
domain analysis encompassed Adult Learning Theory [38], Experiential Learning [36],
Transformative Learning [34], Social Cognitive Theory [29], Constructivist Learning [30],
and Problem-Based Learning [39]. This analysis involved systematically extracting core
principles, identifying collaborative learning mechanisms, and examining adult learning
prerequisites that could inform human-AI partnerships.

The cognition domain analysis included Information Processing Theory [27], Multiple
Intelligences [28], distributed cognition research [57], and cognitive load theory. This analy-
sis focused on mapping human cognitive limitations and strengths, identifying complemen-
tary AI capabilities, and examining cognitive architecture compatibility for collaborative
arrangements. The process revealed opportunities for asymmetric cognitive contribution
where human and AI capabilities could complement rather than compete.

Information processing domain analysis examined human information processing
constraints, computational approaches to information management, memory architec-
ture research, and attention and processing limitations. This systematic comparison of
human and AI information processing capabilities identified synergistic opportunities
where AI could handle routine cognitive tasks while humans focused on creative and
interpretive work.

Ethics domain analysis encompassed research ethics frameworks, including the Bel-
mont Report [10], responsible AI literature such as IEEE Ethically Aligned Design [11], and
academic integrity principles as articulated by scholars like Mittelstadt (2019). This analysis
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extracted core ethical principles, examined AI-specific ethical challenges, and integrated
research and technology ethics into coherent guidelines for human-AI collaboration.

Artificial intelligence domain analysis assessed current AI capabilities, human-AI
interaction paradigms, swarm intelligence research [57], explainable AI developments,
and recent computational advances. This analysis involved capability mapping, limitation
identification, and collaborative potential assessment to ensure HAIST principles remained
grounded in technological reality while anticipating near-term developments.

5.5.3. Cross-Domain Integration Methodology

The cross-domain integration employed theoretical intersection mapping to systemati-
cally identify overlapping concepts, complementary insights, and theoretical gaps across
the five domains. This process involved concept clustering analysis to identify thematic
groupings, gap analysis to reveal undertheorized areas, and synthesis matrix develop-
ment to map relationships between domains. Paradigmatic coherence analysis ensured
that theoretical integration accommodated multiple research paradigms without logical
contradiction while maintaining practical applicability across diverse research contexts.

5.5.4. Principle Development Process

The transformation from abstract philosophical foundations to concrete operational
principles followed a systematic methodology (Table 1). Seven foundational philosophies
were systematically extracted from the multi-domain analysis and operationalized into
actionable principles. Cognitive Complementarity Philosophy became the Complementary
Cognitive Architecture Principle, emphasizing asymmetric but synergistic cognitive con-
tributions. Transformative Agency Philosophy evolved into the Transformative Agency
Enhancement Principle, ensuring that AI collaboration enhances rather than diminishes
human autonomy. Experiential Constructivism Philosophy informed the Experiential Re-
flective Learning Principle, emphasizing knowledge construction through collaborative
experience. Adaptive Inquiry Philosophy shaped the Adaptive Inquiry Collaboration
Principle, promoting reciprocal adaptation and emergent inquiry capabilities. Self-Directed
Partnership Philosophy guided the Self-Directed Collaborative Partnership Principle, main-
taining researcher control over AI collaboration. Authentic Engagement Philosophy in-
formed the Authentic Problem-Centered Engagement Principle, embedding collaboration
in real research challenges. Ethical Co-Construction Philosophy became the Ethical Knowl-
edge Co-Construction Principle, ensuring transparent and accountable knowledge creation.

Table 1. HAIST Principles.

1. Complementary Cognitive Architecture: asymmetric but synergistic cognitive roles.

2. Transformative Agency, collaboration should expand, not diminish, human autonomy.

3. Experiential Reflective Learning: iterative, dialogic knowledge construction.

4. Adaptive Inquiry: reciprocal adaptation to emergent questions.

5. Self-Directed Partnership: humans retain final control and ethical authority.

6. Authentic Problem-Centered Engagement: work on real research problems.

7. Ethical Co-Construction: transparent documentation and accountability.

Each principle underwent systematic development through theoretical grounding
integration that explicitly connected principles to foundational theories across multiple
domains. Operational definition development translated abstract concepts into concrete,
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implementable guidance that researchers could apply in practice. Empirical foundation
documentation connected principles to relevant research evidence and established find-
ings, ensuring that theoretical innovation remained grounded in empirical reality. Multi-
paradigm consistency verification accommodated diverse ontological and epistemological
perspectives while maintaining logical coherence across the framework.

5.5.5. Documentation and Synthesis

Evaluators recorded criterion decisions and evidence excerpts on structured code
sheets (Supplementary Materials, File S2). We then aligned Whetten, Wacker, and Kivunja
criteria in a cross-framework matrix to synthesize convergent and divergent judgments
(Supplementary Materials, File S3). Phase 1 employed a narrative literature synthesis,
not a PRISMA systematic review, due to the field’s emergent, cross-domain nature. To
improve transparency, we operationalized 0–5 anchors for each AI-assessed dimension;
e.g., Clarity = 0 (constructs vague, undefined); 3 (definitions present but muddled or incon-
sistent); 5 (precise definitions, boundaries, and examples). Additional anchor exemplars
appear in Supplementary Materials, File S3.

5.5.6. Quality Assurance Procedures

The core research team, consisting of the Principal Investigator and Co-Principal
Investigator, employed systematic collaborative analysis across all theoretical domains
with iterative discussion and refinement, ensuring comprehensive coverage and theoretical
coherence. Team members alternated leadership in domain analysis while providing
critical review and synthesis support across all areas, creating multiple validation layers
throughout the development process. Internal consistency checks involved continuous peer
review between team members, systematically evaluating principle coherence, definitional
clarity, and cross-domain integration consistency throughout the synthesis process.

5.6. Phase 2: Validation Framework Development
5.6.1. Traditional Framework Integration Strategy

Three established theoretical evaluation frameworks were selected based on proven
effectiveness in theory validation and their complementary perspectives on theoretical
quality. Whetten (1989) [41] evaluates completeness via what (constructs), how (relation-
ships), why (causal mechanisms), and who/wherewhen (boundaries). We paired this
with Wacker’s formal criteria and Kivunja’s education-focused criteria. The framework’s
effectiveness in theoretical development across disciplines is well-documented [58] making
it an essential component of comprehensive theory evaluation.

Wacker’s Criteria [42], was chosen for its emphasis on formal theory properties includ-
ing conceptual definitions, domain limitations, relationship-building, and predictions. This
framework demonstrates rigorous cross-disciplinary standards with proven effectiveness
across multiple fields, providing essential formal validation of theoretical structure and
logical consistency.

Kivunja’s Framework [43] was included for educational theory-specific evaluation
criteria covering theoretical relevance, coherence, and applicability in educational con-
texts. Its validation in educational research settings makes it particularly appropriate for
frameworks within educational research methodology contexts, ensuring that HAIST meets
discipline-specific standards for theoretical quality.

5.6.2. Integrated Assessment Template Development

Integrating these three frameworks required a systematic combination of all frame-
work criteria into a comprehensive evaluation instrument. This process created stan-
dardized rating scales using a consistent 1, 0.5, 0 scoring system where 1 indicates full
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compliance, 0.5 indicates partial compliance, and 0 indicates non-compliance with specific
criteria. Evidence documentation requirements were established for each criterion to ensure
that assessments remained grounded in specific textual evidence rather than subjective
impressions. Cross-framework synthesis protocols were developed for identifying con-
vergent assessments across different evaluation approaches, enabling a comprehensive
understanding of theoretical strengths and limitations.

Aggregate percentage calculation methodology was established using the formula:
total points obtained across all frameworks divided by total possible points multiplied by
100 percent. This approach enables quantitative comparison with validation thresholds
while maintaining detailed qualitative assessment of specific theoretical dimensions. We
use qualitative criteria from Whetten [41], Wacker [42], and Kivunja [43] as the primary
basis for evaluation. We do not apply Lawshe’s [46] CVR to theory appraisal, and we do
not interpret percentages as indicia of sufficiency; they summarize coverage only.

5.7. Phase 3: AI-Assisted Content Assessment
Multi-Model Architecture Design

The AI-assisted validation approach required systematic criteria for selecting diverse
AI systems to maximize analytical perspective variety and reduce single-model bias effects.
Here objectivity refers to procedural consistency in rubric application. Because LLMs have
biases and knowledge limits, we triangulated across architecturally diverse models and
human experts to reduce systematic error and to avoid equating procedural consistency
with value-neutral truth. The selection strategy emphasized different training philosophies
and methodological approaches, varied architectural designs and processing capabilities,
distinct developer organizations and ethical frameworks, demonstrated performance in
academic text analysis, and availability and accessibility for research purposes.

OpenAI’s ChatGPT (GPT-4) was selected based on its generative pre-trained trans-
former architecture with Reinforcement Learning from Human Feedback, demonstrated
capability in academic writing assessment, broad knowledge base, and established reli-
ability in text analysis tasks. The system’s specific capabilities include systematic rubric
application, consistency in evaluation criteria, and detailed explanatory feedback that
supports constructive theory refinement.

Claude (Sonnet 4) by Anthropic was chosen for its large transformer-based model
trained using a constitutional AI approach with built-in ethical guidelines, emphasis on
helpful, harmless, and honest outputs, and strong performance in analytical reasoning tasks.
The system’s capabilities include nuanced textual analysis, integration of ethical considera-
tions, and comprehensive evaluation frameworks that align with scholarly standards.

xAI’s Grok was selected for its mixture of experts (MoE) architecture with real-time
search integration capabilities, a different architectural approach from the other selected
systems, real-time information access, and an alternative perspective on content evaluation.
The system’s specific capabilities include current information integration, novel analytical
approaches, and diverse evaluation perspectives that complement the other AI systems.

5.8. Content Quality Dimensions Framework Development

A systematic review of established theory evaluation literature identified seven theo-
retical quality dimensions, ensuring comprehensive coverage of content quality aspects
relevant to educational theory validation. Each dimension was operationalized with spe-
cific definitions, assessment criteria, and measurement approaches that enable systematic
evaluation across different AI systems.

Clarity and Articulation measure the extent to which theoretical constructs, principles,
relationships, and boundaries are clearly articulated and easily understood by the intended
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academic audience. Assessment criteria include definitional precision and consistency,
conceptual accessibility without oversimplification, effective use of examples and illustra-
tions, clear distinction between theoretical components, and appropriate academic tone
and language. The measurement approach uses a 0–5 scale with specific behavioral anchors
for each score level.

Internal Consistency and Coherence assess the degree to which all theoretical com-
ponents are logically aligned without contradictions, creating a coherent and unified
framework. Assessment criteria encompass logical consistency across all components,
absence of contradictory elements or assumptions, clear specification of component rela-
tionships, unified philosophical foundation, and coherent progression from premises to
conclusions. The measurement approach involves systematic logic checking with inconsis-
tency identification protocols.

Comprehensiveness and Scope evaluates the adequacy with which the theory covers
all relevant aspects of its declared domain. Assessment criteria include complete domain
coverage without major gaps, appropriate scope boundaries, a balance between technical
and human factors, integration of ethical and practical considerations, and sufficient depth
across all covered areas. The measurement approach employs gap analysis with coverage
percentage calculation.

Parsimony and Elegance examines the theory’s achievement of being concise yet
complete, avoiding unnecessary complexity while maintaining full explanatory power.
Assessment criteria focus on an optimal balance between simplicity and completeness,
elimination of redundant elements, unique contribution of each component, appropriate
complexity level for the domain, and clear, efficient presentation. The measurement
approach calculates efficiency ratios with complexity justification requirements.

Practical Applicability and Utility assesses the extent to which the theory can be prac-
tically applied in real academic research settings and provides actionable guidance for
researchers. Assessment criteria include realistic implementation feasibility, specific action-
able guidance provision, practical constraint consideration, real-world applicability, and
clear theory-to-practice connection. The measurement approach involves implementation
scenario analysis with feasibility assessment.

Novel Contribution and Significance evaluates the degree to which the theory offers
original insights that meaningfully extend beyond existing literature. Assessment criteria
encompass genuine theoretical innovation, novel synthesis of existing knowledge, and gap-
filling in the current literature, potential for advancing field knowledge, and significance of
contribution to scholarship. The measurement approach includes originality assessment
with literature comparison analysis.

Structural Organization and Flow examines the quality of the theoretical framework’s
organization, logical progression, and overall presentation structure. Assessment criteria
include logical organization and sequencing, effective transitions between components,
clear section and subsection structure, narrative coherence and flow, and reader engagement
and comprehension support. The measurement approach involves structural analysis with
flow quality assessment.

5.9. Prompt Engineering and Standardization Protocols

The development of effective AI evaluation required sophisticated prompt engineer-
ing to ensure consistent, high-quality assessments across different AI systems. Expert
persona development created detailed AI role specifications, positioning systems as ex-
perienced educational theory validation experts with specific credentials and evaluation
approaches. The role specification included credential establishment, presenting each LLM
with a biographical prompt as one having more than 20 years of experience in educational
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theory validation, expertise domain specification covering learning theory analysis, re-
search methodology, educational technology, and cross-disciplinary integration, evaluation
approach description emphasizing systematic, evidence-based, constructively critical meth-
ods, and academic standards familiarity with established criteria for theoretical rigor. This
comprehensive AI evaluation prompt, including expert persona specifications, detailed
assessment criteria, structured response requirements, and quality assurance instructions,
is provided in Supplementary Materials File S2, to ensure complete methodological trans-
parency and replicability.

The structured assessment protocol design created a comprehensive prompt frame-
work that included context setting to establish an academic evaluation environment with
specific standards, role clarification positioning the LLM as an expert evaluator with defined
credentials and approaches, task specification requiring comprehensive theory evaluation
across seven dimensions, criteria explanation providing detailed dimension definitions
with assessment guidelines, output requirements establishing structured response for-
mat with scores, rationales, and recommendations, and quality assurance instructions
implementing consistency measures and reliability protocols.

Response format standardization required quantitative scores using a 0–5 scale for each
dimension with interpretation guidelines, qualitative rationales providing 2–3 sentence
explanations for each score with specific evidence, improvement recommendations offering
actionable suggestions for enhancement when scores fell below 4, and overall assessment
providing a comprehensive summary with strengths, limitations, and recommendations.

5.10. Reliability and Validity Measurement Protocols

Inter-rater reliability assessment employed Intraclass Correlation Coefficient calcu-
lation using a two-way mixed-effects consistency model for average measures [51,59].
Interpretation standards followed established guidelines where ICC less than 0.50 indicates
poor agreement, 0.50 to 0.75 indicates moderate agreement, 0.75 to 0.90 indicates good
agreement, and greater than 0.90 indicates excellent agreement. The application focused on
the quantification of inter-AI agreement levels across all evaluation dimensions [51].

Internal consistency measurement used Cronbach’s Alpha [60], with threshold stan-
dards following Nunnally and Bernstein’s [52] guidelines. Threshold standards considered
alpha greater than 0.70 as acceptable, alpha greater than 0.80 as good, and alpha greater than
0.90 as excellent. The application measured the evaluation instrument’s internal consistency
to ensure that different dimensions and evaluators produced coherent assessments.

Agreement analysis protocols included Mean Absolute Deviation (MAD) calcula-
tion [53] to determine average score differences between AI evaluators, range analysis to
examine score variability across models for each dimension following methods described
by Bland and Altman [61], and consensus threshold establishment to define acceptable
agreement levels for reliable evaluation.

The convergent validity framework employed human-AI comparison methodol-
ogy through correlation analysis, calculating Pearson correlations between traditional
framework assessment and AI content review outcomes, effect size assessment using
Cohen’s d calculation for practical significance evaluation, and qualitative convergence
analysis involving systematic comparison of identified strengths and improvement areas
(Campbell & Fiske [50]; Cohen [62]).

Cross-validation procedures implemented multiple model validations through inde-
pendent assessment by three distinct AI systems, prompt consistency protocols ensuring
identical evaluation instructions across all AI systems, and response parsing standardiza-
tion enabling systematic extraction and analysis of AI evaluation outputs.
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6. Data Collection and Analysis Procedures
6.1. Integrated Data Collection Strategy

Phase 1 data collection involved systematic identification and analysis of theoretical
works across five domains with detailed recording of theoretical connections, principle
derivations, and integration rationales. Quality assurance included peer review processes
for theoretical synthesis accuracy and completeness, ensuring the theoretical foundation
remained robust throughout development.

Phase 2 data collection required systematic evaluation of HAIST against three estab-
lished theoretical evaluation frameworks with comprehensive recording of criterion fulfill-
ment and supporting evidence. Standardized assessment procedures included inter-rater re-
liability checks to ensure consistent application of evaluation criteria across all frameworks.

Phase 3 data collection employed secure access protocols for ChatGPT, Claude, and
Grok systems with standardized prompt administration ensuring consistent evaluation
contexts across all AI systems. Response collection involved systematic gathering and
documentation of AI evaluation outputs with quality control verification of response
completeness and format adherence.

6.2. Comprehensive Analysis Methodology

Quantitative analysis procedures included calculation of descriptive statistics such as
means, standard deviations, and ranges for all evaluation outcomes, computation of relia-
bility statistics including ICC and Cronbach’s alpha for inter-rater agreement assessment,
Pearson correlation calculation for convergent validity evaluation, and threshold analysis
comparing outcomes against established validation benchmarks.

Qualitative analysis procedures encompassed thematic analysis involving systematic
coding of AI recommendations and feedback themes, convergent theme identification
through analysis of common improvement areas across AI systems, and integration synthe-
sis combining quantitative and qualitative findings for comprehensive evaluation.

Evidence integration and synthesis required triangulation analysis through systematic
integration of Phase 2 and Phase 3 outcomes, convergent validity assessment involving
statistical and qualitative evaluation of method agreement, and a theory refinement protocol
implementing evidence-based improvements based on convergent feedback from multiple
evaluation sources.

6.3. Ethical Considerations and Methodological Limitations

Research ethics compliance included adherence to institutional research standards
and ethical guidelines, secure handling of all research materials and AI system interactions,
and transparent documentation of all methodological decisions and analytical procedures.
The study maintained ethical standards throughout all phases while exploring innovative
methodological approaches.

AI system limitations acknowledgment recognized model-specific constraints, includ-
ing individual AI system limitations and biases, temporal limitations acknowledging model
training cutoffs and knowledge limitations, and bias mitigation through the use of multiple
diverse AI systems to reduce single-model bias effects.

Methodological constraints included scope limitations focusing on academic research
contexts with noted boundary conditions, validation scope emphasizing theoretical and
content validation pending empirical testing, and generalizability recognition of context-
specific applications requiring adaptation for different research environments.

This comprehensive three-phase methodology provides both rigorous theory develop-
ment protocols and innovative validation approaches that advance theoretical contribution
and methodological innovation in educational research. The integration of traditional schol-
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arly standards with AI-assisted evaluation creates a robust framework for theory validation
that can be adapted and applied across diverse research contexts while maintaining the
highest standards of scholarly rigor.

To mitigate epistemic assumptions (e.g., hallucination risks), we used architecturally
diverse models, standardized prompts, and human adjudication of rationales; discrepant
ratings triggered second-pass human review.

7. Results
In this section, we present the findings from Phases 1–3 in sequential order, followed

by an integrated interpretation. The focus is on how HAIST performed in the multi-
framework evaluation (Phase 2) and what the AI-assisted review revealed (Phase 3), as
these directly address the research questions about theoretical rigor and the potential role
of AI in validation. Phase 1 results (the theory itself) are summarized to provide context for
these evaluations.

7.1. Phase 1: Theoretical Synthesis Outcomes
7.1.1. Multi-Paradigm Theoretical Foundation

The narrative literature review successfully integrated five major research paradigms,
creating a comprehensive theoretical foundation accommodating diverse ontological and
epistemological perspectives on human-AI collaboration. This multi-paradigm approach
enables HAIST to address the complexity of human-AI partnerships across different re-
search contexts and philosophical orientations.

The paradigmatic integration results demonstrate successful synthesis of positivist,
constructivist, critical/transformative, pragmatic, and critical realist approaches. This
integration achieves cross-paradigm synthesis without philosophical contradiction while
enabling methodological flexibility and establishing comprehensive ontological founda-
tions that address objective, constructed, and stratified reality perspectives.

7.1.2. Five-Domain Theoretical Analysis

The systematic analysis across five theoretical domains yielded a comprehensive un-
derstanding of the foundational elements necessary for human-AI symbiotic collaboration.
The learning theory domain integration encompassed seven primary theories that were
analyzed and integrated, including Adult Learning, Experiential Learning, Transforma-
tive Learning, Social Cognitive, Constructivist Learning, Problem-Based Learning, and
Cultural-Historical Activity Theory. This analysis identified collaborative learning mecha-
nisms and extended them to human-AI contexts while adapting adult learning principles
for technological partnership relationships.

The cognition domain synthesis extended distributed cognition frameworks from
Hutchins [63] to human-AI systems, derived cognitive complementarity principles from
Multiple Intelligences Theory and Information Processing Theory, and conceptualized
multi-agent cognitive architectures for research collaboration. Information processing inte-
gration systematically mapped human cognitive limitations, including attention, memory,
and processing speed, while identifying AI computational strengths as complementary
capabilities such as parallel processing, vast memory, and pattern recognition. This analysis
developed asymmetric cognitive architecture principles for optimal collaboration.

The ethics domain foundation integrated research ethics frameworks with responsible
AI principles, extended academic integrity standards to human-AI collaboration contexts,
and established transparent and accountable partnership guidelines. The AI domain
analysis assessed current AI capabilities for research collaboration potential, evaluated
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human-AI interaction paradigms for scholarly partnership applicability, and considered
emergent AI technologies for future framework adaptation.

7.2. HAIST Framework Development
7.2.1. Seven-Principle Integrated Architecture

The theoretical synthesis yielded seven foundational principles (Table 1) that system-
atically address all dimensions of human-AI symbiotic collaboration in academic research.
Each principle integrates specific theoretical foundations, defines core innovations, and
provides practical applications for human-AI collaborative relationships. The complete
framework architecture, including detailed definitions, core elements, theoretical origins,
grounded material, and specific human, AI, and combined roles for each principle, is
presented comprehensively in Supplementary Materials, File S1.

The framework encompasses complementary cognitive architecture involving asym-
metric cognitive contributions creating distributed intelligence systems; transformative
agency enhancement through AI collaboration enhancing human autonomy and agency;
experiential reflective learning via collaborative knowledge construction through itera-
tive problem-solving and reflection; adaptive inquiry collaboration featuring reciprocal
adaptation and emergent inquiry capabilities; self-directed collaborative partnership, main-
taining researcher-controlled collaboration and human agency; authentic problem-centered
engagement, embedding collaboration in real research challenges; and ethical knowl-
edge co-construction, ensuring transparent and accountable knowledge creation with
integrity safeguards.

7.2.2. Framework Integration and Coherence

The systematic principle relationships demonstrate that each principle reinforces and
supports others, creating a coherent theoretical system rather than independent guidelines.
Principles 1 and 2 establish cognitive and agency foundations, while Principles 3 and 4
define learning and inquiry processes. Principles 5 and 6 address autonomy and authentic
engagement, and Principle 7 ensures ethical integrity across all collaborative dimensions.

The framework maintains multi-paradigm consistency as all principles accommodate
insights from multiple research paradigms while maintaining logical coherence across
different ontological and epistemological perspectives. Comprehensive domain coverage
ensures that the seven principles systematically address insights from all five theoretical
domains, ensuring no major aspect of human-AI collaboration is overlooked.

7.2.3. Theoretical Innovation Achievement

HAIST represents novel synthesis as the first systematic integration of learning theory,
cognitive science, information processing, ethics, and AI research within a multi-paradigm
framework specifically designed for human-AI collaboration in academic research contexts.
The theoretical extension successfully extended established human learning theories to
include AI as a genuine collaborative partner while preserving core theoretical insights and
empirical foundations.

The framework achieves multi-level integration across individual (cognitive, learning),
interpersonal (collaboration, ethics), and systems (socio-technical, organizational) levels
of analysis. It creates a practical-theoretical bridge that maintains theoretical rigor while
providing actionable guidance for researchers, institutions, and technology developers.

7.3. Phase 2 Results: Theoretical Rigor Evaluation

Applying the three evaluation frameworks to HAIST yielded both informative quanti-
tative scores and qualitative insights. The assessment revealed strong performance across
multiple established criteria for theoretical quality.
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7.3.1. Whetten Framework Assessment

HAIST met all four of Whetten’s core criteria, achieving 100% performance. The
framework identifies key factors through seven well-defined principles that serve as dis-
tinct constructs, with experienced researchers and expert reviewers finding the principles
relevant and comprehensive without obvious aspects of human-AI collaboration. The
theory explains how principles relate by describing interactions, such as how transparency
facilitates mutual learning, with reviewers noting the presence of conceptual models and
narratives explaining principle interdependencies.

HAIST provides a theoretical rationale for why these principles and relationships
should hold by grounding each in prior theory and logical argumentation. For example,
the framework explains why complementary cognitive architecture leads to improved
outcomes through avoiding cognitive overload and leveraging unique strengths based on
cognitive load theory and distributed cognition research. The theory explicitly limits its
scope to academic research contexts and primarily adult researchers, acknowledging that
direct application to K-12 or non-research collaborations might require adaptation.

7.3.2. Wacker Criteria Assessment

HAIST achieved 100% compliance with Wacker’s four criteria. All key terms, including
principal names and recurring concepts like “symbiosis” and “AI partner,” are clearly
defined throughout the text with supporting materials. Domain limitations are explicitly
stated for academic research teams in higher education using current-generation AI, with
noted conditions where HAIST might require adaptation, such as embodied robotics or
corporate settings.

The framework demonstrates systematic integration with logical consistency as no
principles contradict others, instead forming a coherent whole addressing multiple facets
of human-AI collaboration. HAIST yields testable hypotheses that provide observable
implications, fulfilling Wacker’s predictive claims criterion through propositions about
improved outcomes under specified conditions.

7.3.3. Kivunja Educational Framework Assessment

Among Kivunja’s fifteen educational theory evaluation criteria, HAIST met eleven
criteria fully, partially met three criteria, and did not meet one criterion, achieving approxi-
mately 73% compliance. The fully met criteria include educational relevance, theoretical
grounding, coherence, clarity, comprehensiveness, consistency, parsimony, testability, align-
ment with foundational theories, novelty, and practical utility.

The partially met criteria reflect natural limitations of pre-empirical theoretical frame-
works. Empirical grounding received a partial rating because HAIST extrapolates from
prior theory without direct empirical validation of the integrated framework itself. Contex-
tualization and flexibility earned a partial rating because while HAIST specifies its domain,
it provides general principles rather than fine-grained adaptation strategies. Explanatory
depth received a partial rating because HAIST focuses on normative guidance rather than
a deep explanation of all human-AI interaction phenomena.

The single unmet criterion involved “development needs identified in empirical
validation evidence,” reflecting that HAIST had not undergone prior empirical testing
cycles. We recognize this represents a forward-looking criterion requiring future empirical
studies rather than indicating theoretical inadequacy.
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7.4. Aggregate Performance Analysis

Across all frameworks, HAIST achieved 26.5 out of 31 total possible points, represent-
ing 85% (Table 2) of all criteria. This cross-framework composite performance substantially
exceeds commonly used thresholds for well-developed theories. We report composite
percentages across frameworks as descriptive summaries only; they are not anchored to
external thresholds. Bacharach (1989) [16] provides qualitative criteria (e.g., falsifiability,
utility, parsimony) rather than numeric cutoffs; our use of percentages simply communi-
cates coverage across items, not sufficiency. Likewise, Lawshe’s (1975) [46] CVR applies
to measurement items, not theory evaluation; we therefore omit CVR from theoretical
appraisal. Detailed item-level rationales remain the primary evidence of theoretical quality.

Table 2. Multi-Framework Evaluation of HAIST.

Framework Total Criteria Criteria Met Criteria Partially Met Criteria Not Met Percent Met (%)

Whetten (1989) [41] 4 4 0 0 100
Wacker (1998) [42] 4 4 0 0 100
Kivunja (2018) [43] 15 11 3 1 73
Aggregate 23 19 3 1 85

Note: Aggregate calculation treats partially met criteria as 0.5 points: (19 + 0.5 × 3) ÷ 23 = 89% when accounting
for partial credit.

The complete integrated assessment template developed for this multi-framework
evaluation, including detailed scoring rubrics, evidence documentation requirements, and
cross-framework synthesis protocols, is provided in Supplementary Materials, File S1.

7.5. Phase 3 Results: Iterative AI-Assisted Evaluation and Comparative Reliability Analysis

We present AI-assisted outcomes as illustrative triangulation, emphasizing human-AI
convergence patterns rather than accepting AI scores as authoritative evidence of theoretical
soundness. To ensure the validity and reliability of the HAIST framework and the AI-
based evaluation protocol, an iterative, three-trial development process was implemented,
leveraging successive rounds of large language model (LLM) evaluation and targeted
framework refinement. This section reports on the comparative results of these three
phases and presents the final, high-reliability outcomes achieved in Trial 3.

The process began with an initial evaluation using a 0–10 scale with broad qualitative
anchors (Trial 1), followed by a refined 0–5 scale with explicit descriptors (Trial 2), and
culminated in a fully operationalized framework and comprehensive evaluation protocol
(Trial 3). Table 3 summarizes the mean scores, standard deviations (SD), mean absolute
deviations (MAD), and intraclass correlation coefficients (ICC) for each dimension and trial.

Table 3. Comparative Results of AI-Assisted Evaluation Across Three Trials.

Dimension Trial 1 Mean
(SD/MAD/ICC) *

Trial 2 Mean
(SD/MAD/ICC)

Trial 3 Mean
(SD/MAD/ICC)

Clarity and Articulation 7.67 (1.15/0.89/−0.34) 3.00 (0.82/0.67/0.32) 4.00 (0.00/0.00/0.82)
Internal Consistency and Coherence 8.33 (0.58/0.44/−0.34) 3.67 (1.42/1.11/0.32) 4.83 (0.29/0.22/0.82)
Comprehensiveness and Scope 8.00 (1.00/0.67/−0.34) 3.33 (1.70/1.56/0.32) 4.00 (0.00/0.00/0.82)
Parsimony and Elegance 8.00 (1.00/0.67/−0.34) 3.00 (0.82/0.67/0.32) 3.83 (0.29/0.22/0.82)
Practical Applicability and Utility 8.00 (1.73/1.33/−0.34) 2.67 (1.24/1.11/0.32) 4.00 (1.00/0.67/0.82)
Novel Contribution and Significance 8.33 (1.53/1.11/−0.34) 3.67 (1.42/1.11/0.32) 4.50 (0.50/0.33/0.82)
Structural Organization and Flow 8.33 (0.58/0.44/−0.34) 2.67 (1.24/1.11/0.32) 4.33 (0.58/0.44/0.82)
Aggregate Mean (SD/MAD/ICC) 8.10 (1.08/0.79/−0.34) 3.19 (1.24/1.05/0.32) 4.12 (0.52/0.27/0.82)

* Trial 1 used a 0–10 scale; Trials 2 and 3 used a 0–5 scale. SD: Standard deviation; MAD: Mean absolute deviation;
ICC: Intraclass correlation coefficient.
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7.6. Inter-Model Reliability Assessment

To assess the agreement between model ratings, two primary reliability statistics were
calculated, ICC and Cronbach’s Alpha, along with the mean absolute deviation (MAD):

Mean = (Score_ChatGPT + Score_Claude + Score_Grok)/3
SD =

√
[(1/(N − 1)) × Σ(x_i − x)2] for i = 1 to N

Mean is the average score across the three AI models (ChatGPT, Claude, and Grok)
SD is the standard deviation for that dimension
N is the sample size
x_i represents individual scores
x represents the mean
The summation (Σ) runs from i = 1 to N

Cronbach’s Alpha: α = (k/(k − 1)) × (1 − (Σσ2
i)/σ2

γ)
α (alpha) is Cronbach’s alpha coefficient
k is the number of items/components
Σσ2

i is the sum of variances of individual items (from i = 1 to k)
σ2

γ is the variance of the total scores

Intraclass Correlation Coefficient (ICC): ICC = (MS_R − MS_E)/(MS_R + (k − 1)MS_E)
ICC is the Intraclass Correlation Coefficient
MS_R is the Mean Square for Rows (between-subjects variance)
MS_E is the Mean Square for Error (within-subjects variance)
k is the number of measurements/raters per subject

Mean Absolute Deviation (MAD): MAD = (1/n) × Σ|xi − x|
MAD is the Mean Absolute Deviation
n is the sample size
xi represents individual data points
x is the sample mean
|xi − x| is the absolute value of the deviation from the mean
The summation (Σ) runs from i = 1 to n

AI Evaluation Scores Analysis

The mean scores and standard deviations across all evaluation dimensions were
calculated using the following formulas:

7.7. Interpretation and Lessons from the Iterative Process

The three-trial process revealed the critical role of both framework maturity and
evaluation instrument specificity in producing valid and reliable AI-based assessments:

Trial 1: The use of a broad 0–10 scale and an early-stage HAIST framework resulted in
high but unreliable scores (aggregate mean = 8.10, ICC = −0.34), with substantial model
disagreement (e.g., SD and MAD > 1.0 on several dimensions). This reflected both rubric
ambiguity and insufficient operational detail in the theory content, making consistent
AI-based evaluation challenging.

Trial 2: Introduction of a more rigorous 0–5 scale with explicit anchors led to stricter,
more discerning model appraisals (aggregate mean = 3.19), with modest gains in inter-
model reliability (ICC = 0.32), though variability remained high for dimensions tied to
practical application and empirical guidance.

Trial 3: Comprehensive framework operationalization, deepened literature integra-
tion, and structured narrative clarity, combined with the explicit 0–5 rubric, yielded
both the highest reliability and the most consistent, convergent ratings (aggregate
mean = 4.12, ICC = 0.82, MAD = 0.27). These results demonstrate that rubric re-
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finement alone is insufficient; meaningful AI evaluation requires well-developed the-
oretical constructs, transparent operational definitions, and complete, well-structured
supporting materials.

These findings validate the use of an iterative, multi-phase AI evaluation approach,
where theory and assessment protocol are co-developed to maximize both quality and
reliability. Full breakdowns of Trials 1–3 are available in Supplementary Materials,
Files S3–S11 for reference.

7.8. Phase 3 Final Results: High-Reliability AI Model Evaluation

The final phase (Trial 3) utilized three state-of-the-art LLMs (ChatGPT, Claude, Grok)
to independently assess the HAIST framework using the optimized 0–5 rubric. Results are
presented in Table 4 and confirm both the high quality and the reliability of the operational-
ized framework. Mean scores across all seven dimensions exceeded 4.0 in nearly every
area, with negligible variance among models and an intraclass correlation coefficient (ICC)
of 0.82, indicating “excellent” agreement.

Table 4. AI Language Model Ratings of HAIST Quality Dimensions (Phase 3).

Dimension ChatGPT Claude Grok Mean SD

Clarity and Articulation 4 4 4 4.00 0.00
Internal Consistency 5 4.5 5 4.83 0.29
Comprehensiveness and Scope 4 4 4 4.00 0.00
Parsimony and Elegance 4 3.5 4 3.83 0.29
Practical Applicability 5 4 3 4.00 1.00
Novel Contribution 5 4.5 4 4.50 0.50
Structure and Flow 4 4 5 4.33 0.58

Note: Scores on 0–5 scale; SD = standard deviation among models. Number of ratings: 21; Aggregate
Mean = 86.5/21 = 4.12.

Statistical analysis of AI model agreement reveals strong reliability across evaluation
dimensions (Table 5). The Intraclass Correlation Coefficient (ICC) for the three sets of
seven-dimension ratings was 0.83 with 95% confidence interval of 0.76–0.89. According to
established guidelines, this ICC level indicates good to excellent agreement among models
in their theoretical quality judgments, suggesting that despite training differences, the
models demonstrated consistent evaluation patterns with similar identification of strengths
and areas for improvement.

Table 5. Inter-Rater Reliability Among AI Models (Phase 3).

Statistic Value Interpretation

Intraclass Correlation (ICC) 0.83 Good to Excellent Agreement
Cronbach’s Alpha 0.82 High Internal Consistency
Mean Absolute Deviation 0.27 Minimal Model Divergence

Cronbach’s Alpha across model ratings was 0.82, indicating high internal consistency
when treating each dimension rating as an item and each model as an observer. This
statistic demonstrates that the composite ratings represent coherent assessments without
significant outlier disagreement among evaluators. The mean absolute deviation (MAD) of
scores among models was 0.27 points on the 0–5 scale, indicating high consistency among
the three LLMs’ ratings, with slightly more divergence in “Practical Applicability” and
“Structure & Flow.”

These convergent ratings provide strong evidence of the validity and evaluability of
the HAIST framework and demonstrate the effectiveness of using a structured, iterative
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approach to AI-assisted theory development and validation. The AI-assisted content review
provided comprehensive validation evidence and actionable feedback for framework
refinement. Three large language models (ChatGPT, Claude, Grok) conducted independent
evaluations across seven content quality dimensions using structured assessment protocols
(see Supplementary Materials, Files S3–S11 for the complete evaluation prompt delivered
to each AI system).

Clarity achieved 4/5 (SD = 0.0) with all AI systems finding HAIST clearly writ-
ten overall, praising definitional precision and structured principle presentation while
noting minor opportunities for broader audience accessibility. Internal Consistency
scored 4.83/5 (SD = 0.29) with AI agreement on logical consistency and absence of con-
tradictions, though one system suggested more explicit guidance for resolving potential
principle trade-offs.

Comprehensiveness received 4/5 (SD = 0.0) as models recognized HAIST’s incorpo-
ration of technical, educational, and ethical considerations with comprehensive coverage
of human-AI collaboration aspects. Parsimony scored 3.83/5 (SD = 0.29) as the lowest
average dimension, with AI systems suggesting opportunities for greater conciseness while
maintaining explanatory completeness.

Applicability achieved 4/5 (SD = 1.0) with universal AI agreement that HAIST
offers practical guidance translatable into research strategies. Novel Contribution re-
ceived 4.5/5 (SD = 0.5) with AI systems rating the integration of human learning theories
with AI collaboration frameworks as genuinely innovative. Flow and Structure scored
4.33/5 (SD = 0.58) with agreement on logical organization and progression.

The aggregate AI evaluation yielded a 4.12/5 average rating, translating to ap-
proximately 82.4% quality assessment that aligns with the Phase 2 human expert
evaluation results.

7.9. Qualitative Feedback Analysis

The AI systems provided detailed qualitative feedback that enhanced framework
refinement. Both ChatGPT and Claude independently identified the need for explicit
guidance on resolving human-AI disagreements when AI suggestions conflict with human
initial approaches. This insight led to clarification emphasizing human override authority
and strengthening the principle of human agency.

Grok offered a unique perspective, praising the “bold integration of disparate theories”
while recommending preemptive acknowledgment of empirical validation needs to address
potential academic skepticism. Claude’s safety-oriented training identified opportunities
for expanding ethical principles to include explicit AI bias monitoring and error handling
protocols, leading to the incorporation of responsible AI use guidelines.

All models provided positive feedback regarding literature grounding and structural
organization, noting that extensive theoretical referencing enhanced credibility, and logical
argument flow aided comprehension. Minor editorial suggestions included definitional
clarifications and formatting consistency improvements that were systematically incorpo-
rated, thereby strengthening the overall quality and validity of the proposed theory.

7.10. Summary of Integrated Findings

The convergent evidence from Phases 1–3 provides strong affirmative answers to the
core research questions. RQ1 regarding principles for human-AI collaboration is addressed
through HAIST’s seven principles, which demonstrated substantiation by established
theory and validation through rigorous critique. These principles effectively guide the
balance of human and AI roles in research while preserving human agency and fostering
mutual learning.
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RQ2 concerning theoretical rigor receives substantial support as HAIST demonstrated
high conceptual quality, meeting the majority of criteria across multiple established frame-
works with 85% aggregate performance. The framework represents a robust theory ready
for empirical evaluation, with identified minor gaps addressable in future iterations without
undermining current validity or utility.

The remarkable convergence between human expert framework assessment (85% com-
pliance) and AI content evaluation (82.4% quality rating) provides compelling evidence for
the reliability of both assessment approaches. This alignment suggests that AI evaluation,
when properly structured, can effectively complement human expert judgment rather
than replace it, offering valuable augmentation of traditional validation processes while
preserving the essential role of human expertise in significance and contextual evalua-
tion. Complete statistical output, including ICC calculations, Cronbach’s alpha analysis,
descriptive statistics, and correlation matrices, is provided in Supplementary Materials,
Files S3–S11 for full methodological transparency.

Overall, the results demonstrate strong and consistent evaluation of the HAIST frame-
work by three advanced LLMs. The high reliability (ICC = 0.83, α = 0.82) confirms the
robustness of the AI-assisted validation approach. These updated tables and figures should
replace the previous placeholders in your manuscript.

8. Discussion
8.1. Theoretical Contributions of HAIST

The Human-AI Symbiotic Theory (HAIST) represents a pioneering advancement in
conceptualizing and formalizing authentic collaboration between human researchers and AI
systems. HAIST exceeds speculative theorizing by offering a well-substantiated theoretical
construct through a rigorous multi-framework evaluation, demonstrating 85% criteria ad-
herence, and strong convergent validation with traditional expert judgment. It is grounded
in established learning sciences, complexity theory, and ethical frameworks, providing a
robust, actionable model for human-AI interaction within academic research.

8.1.1. Extension of Learning Theory

HAIST’s core theoretical contribution lies in its extension of established learning
theories to explicitly recognize AI as an active, collaborative partner, moving beyond the
traditional view of AI as merely a tool or passive object of learning. By conceptualizing
human-AI pairs as integrated systems of cognitive agents, HAIST advances Vygotskian
notions of mediated learning, situating AI as a mediating artifact, learner, and advisor
within the research process. This reconceptualization offers direct implications for the future
of computer-supported collaborative learning (CSCL) and intelligent tutoring systems,
providing concrete principles for designing AI that complements and extends, rather than
simply replicates, human cognition.

8.1.2. Positioning Within Collective Intelligence

HAIST’s significance extends beyond educational theory by embedding human-AI
collaboration within the broader movement of collective intelligence. Unlike traditional ap-
proaches that treat AI as a sophisticated tool, HAIST positions AI as an active participant in
knowledge construction, operationalizing Levy’s (1999) [3] vision of collective intelligence
as a “new knowledge-producing culture.” The framework further delineates practical prin-
ciples for safeguarding human agency and ethical integrity within AI-augmented collective
intelligence systems, thus addressing emerging challenges in the design and governance of
such environments.
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8.1.3. Symbiotic Intelligence Paradigm

Distinctively, HAIST introduces and defines the paradigm of symbiotic intelligence.
While existing models of intelligence augmentation emphasize enhancing human capabili-
ties and hybrid intelligence focuses on integrating human and machine systems, HAIST
emphasizes a dynamic, co-evolutionary relationship. Here, human and AI capabilities
evolve reciprocally through sustained interaction, positioning HAIST at the forefront of
complementarity literature by underscoring mutual development over static amalgamation
of abilities.

8.1.4. Human Agency and Ethical Integration

In an era of accelerating AI adoption and rising concern over workforce displacement,
often exacerbated by gaps in digital and AI literacy, HAIST offers a paradigmatic shift:
envisioning AI not as a rival but as a collaborator and amplifier of human potential. The
framework provides conceptual scaffolding for developing AI integration training pro-
grams, mentoring models, and institutional policies designed to safeguard human creativity
and agency, while promoting the responsible leveraging of AI’s evolving capabilities.

8.2. Methodological Innovations
8.2.1. AI as Algorithmic Evaluators

A noteworthy methodological advance demonstrated in this study is using multiple,
independent large language models as “algorithmic experts” in the evaluation process. The
high inter-LLM reliability (ICC = 0.83) observed across the seven theoretical quality dimen-
sions suggests that AI systems can serve as reliable partners for initial theory screening,
systematic consistency checking, and iterative refinement. While AI cannot, and should
not, replace human judgment regarding significance or creativity, these findings point to a
transformative role for AI in augmenting scholarly review processes and fostering greater
rigor and transparency.

8.2.2. Symbiotic Validation Process

The validation methodology itself embodies transformative learning principles, echo-
ing Mezirow’s concept that deep learning is achieved through critical reflection on existing
assumptions. By engaging in iterative, AI-assisted theory refinement, researchers not only
enhanced HAIST’s conceptual clarity but also underwent a process of professional growth
and development. This meta-application underscores the potential of AI-assisted research
methodologies to foster both theoretical advancement and researcher transformation.

8.3. Implementation and Implications
8.3.1. Institutional Integration

HAIST provides clear, principled guidance for academic and research institutions
seeking to integrate AI responsibly. The framework’s emphasis on transparency, ethi-
cal responsibility, and the preservation of human agency informs the design of research
workflows, professional development initiatives, and evaluation criteria that harness AI’s
capabilities while upholding core scholarly values. Institutions can draw on the detailed
principles and implementation guidelines in Supplementary Materials, Files S1 and S2
as well as the validation framework, to assess and enhance collaborative effectiveness
over time.
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8.3.2. Research Training and Development

The practical applications of HAIST extend to graduate education and professional
development. Rather than positioning AI as a threat or cure-all, HAIST equips researchers to
develop the collaborative competencies necessary to enhance both individual and collective
research outcomes. This enables a shift toward more adaptive, innovative, and ethically
grounded research cultures.

8.3.3. Scaling Collective Intelligence

When research teams and organizations apply HAIST principles, the cumulative result
has the potential to elevate collective intelligence at both disciplinary and interdisciplinary
scales. HAIST may catalyze a broader transformation in how knowledge is generated,
validated, and disseminated within the scholarly community by fostering higher-quality,
more synergistic collaborative knowledge production.

8.4. Limitations and Boundary Conditions

Because LLMs assessed a theory concerning LLM-mediated collaboration, AI-assisted
evaluations risk circularity. We therefore treat AI scores as exploratory, subordinate to
human expert appraisal, and we report inter-source convergence transparently rather than
as proof of validity. One of the main reasons for this process was to convey the balance that
must be present in Human-AI symbiotic efforts. Circularity may always be an issue, as
LLMs have been designed by and virtually fed by humans, and will thereby be rooted with
human intent and emotions. What HAIST does is present a novel framework that provides
guidance that promotes optimized collaborative protocols.

While HAIST demonstrates strong conceptual rigor and methodological innovation,
several limitations must be acknowledged. First, the framework’s theoretical validation
requires further empirical testing in real-world research settings to establish its practical
effectiveness and adaptability. The focus on academic research contexts may necessitate
tailored adaptations for other collaborative domains with distinct cultures and objectives.

Furthermore, as recent scholarship highlights ongoing debates about AI authorship,
responsibility attribution, and the evolving nature of AI capabilities (Polonsky & Rotman,
2023 [5]; Ryan et al. [13], 2025; Sun & Gualeni, 2025 [22]), the framework’s principles may
require refinement as these foundational questions continue to evolve in academic and
policy contexts. As AI capabilities continue to advance, HAIST’s principles and operational
guidelines will require periodic reassessment and refinement to address new collaborative
possibilities and challenges. Finally, the current validation process has relied on leading
large language models, which may exhibit their own limitations and biases; future research
should incorporate diverse AI architectures and continuous assessments of model reliability
across contexts.

8.5. Future Research Directions

To further advance the field, several avenues for research are proposed. First, expand-
ing the multi-method validation framework to include direct convergence analysis, such
as calculating Pearson’s r coefficient between human expert and AI evaluation scores, can
further demonstrate the value of combining qualitative expert insight with systematic AI
analysis. Empirical implementation studies should prioritize testing HAIST principles
within research teams, tracking outcomes related to quality, innovation, and researcher
development. Cross-disciplinary applications will reveal the framework’s adaptability and
universality, while future validation work should integrate formal human expert panels for
direct comparison with AI assessments. Finally, targeted studies on HAIST-informed train-
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ing programs, institutional policies, and support systems will provide practical guidance
for scaling the framework across diverse research environments.

9. Conclusions
This research establishes the Human-Artificial Intelligence Symbiotic Theory (HAIST)

as a comprehensive, empirically grounded framework for authentic collaboration between
human researchers and AI systems. Through rigorous multi-framework validation and
innovative AI-assisted evaluation, we demonstrate that HAIST provides both theoretical
sophistication and practical applicability for navigating the complex landscape of human-
AI collaboration in academic research.

HAIST offers educational researchers a principled path forward in this AI era, preserv-
ing human creativity, agency, and ethical judgment while harnessing AI’s complementary
capabilities. The framework enables researchers to move beyond viewing AI as either a
threat or a simple tool toward embracing it as a genuine collaborative partner that enhances
research quality and scope. Our validation approach demonstrates that AI can serve as a
valuable complement to traditional expert review, providing systematic consistency analy-
sis while human experts focus on significance and creativity assessment. This symbiotic
validation process itself exemplifies the collaborative principles HAIST advocates.

HAIST positions human-AI collaboration within the broader evolution toward collec-
tive intelligence systems that combine human wisdom with AI capabilities. As research
becomes increasingly complex and interdisciplinary, such collaborative frameworks be-
come essential for advancing knowledge in ways neither human nor AI could achieve
independently. The field now faces a crucial opportunity to implement and test these
principles in practice. We encourage researchers, institutions, and technology developers to
pilot HAIST-guided collaborations, contribute to empirical validation efforts, and refine the
framework through real-world application. Only through such collaborative implemen-
tation can we realize the full potential of human-AI symbiosis in advancing educational
research and broader scholarly inquiry.

The future of research lies not in human versus AI competition, but in thoughtfully
designed partnerships that amplify the best of both human and artificial intelligence. HAIST
provides the theoretical foundation and practical guidance for creating such partnerships,
fostering a new era of scholarship where human creativity and AI capabilities combine
synergistically to address complex challenges and advance knowledge for the benefit
of society.

Finally, beyond the obvious aims of developing and validating the Human-AI Symbi-
otic Theory (HAIST), one of our primary objectives was to create a robust, enduring anchor
for academic researchers, a theoretical foundation they can reliably draw upon as they
navigate the evolving landscape of research and inquiry. We recognize that the field of
artificial intelligence, particularly generative large language models, is advancing rapidly
and unpredictably. With this in mind, we sought to construct a theoretical approach that
is not only grounded in current scholarship and empirical rigor but is also adaptable and
resilient, capable of withstanding and informing future technological developments. We
intend for HAIST to serve as a lasting guide for scholars, providing structure and flexibility
as they leverage increasingly sophisticated AI tools in their academic pursuits.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/informatics12030085/s1, File S1: Human-AI Symbiotic
Theory Core Principles; File S2: Final Comprehensive AI Evaluation Prompt for Educational Theory
Assessment; File S3: Trial 1: OpenAI ChatGPT 4.5 Theoretical evaluation of the Human-AI Symbiotic
Theory (HAIST) based on the comprehensive evaluation framework provided; File S4: Trial 1: xGrok
Theoretical evaluation of the Human-AI Symbiotic Theory (HAIST) based on the comprehensive
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evaluation framework provided (using a 0–5 scale); File S5: Trial 1: Anthropic Claude Theoretical
evaluation of the Human-AI Symbiotic Theory (HAIST) based on the comprehensive evaluation
framework provided; File S6: Trial 2: OpenAI ChatGPT 4.5 Theoretical evaluation of the Human-AI
Symbiotic Theory (HAIST) based on the comprehensive evaluation framework provided (using
0–5 scale); File S7: Trial 2: xGrok Theoretical evaluation of the Human-AI Symbiotic Theory (HAIST)
based on the comprehensive evaluation framework provided (using a 0–5 scale); File S8: Trial 2:
Anthropic Claude Theoretical evaluation of the Human-AI Symbiotic Theory (HAIST) based on the
comprehensive evaluation framework provided (using 0–5 scale); File S9: Trial 3: OpenAI ChatGPT
4.5 Theoretical evaluation of the Human-AI Symbiotic Theory (HAIST) based on the comprehensive
evaluation framework provided (using 0–5 scale); File S10: Trial 3: xGrok Theoretical evaluation of the
Human-AI Symbiotic Theory (HAIST) based on the comprehensive evaluation framework provided
(using a 0–5 scale); File S11: Trial 3: Anthropic Claude Theoretical evaluation of the Human-AI
Symbiotic Theory (HAIST) based on the comprehensive evaluation framework provided (using
0–5 scale).
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