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Abstract 
Smart Learning Environments (SLEs) aim to provide adaptive, context-aware support across hybrid learning 
settings, yet they still face numerous challenges that limit their pedagogical effectiveness. Among these, this 
paper focuses on three persistent challenges: 1) the limited alignment between Learning Design (LD) and 
Learning Analytics (LA); 2) student models that rely primarily on structured data rather than conceptual and 
cognitive evidence; and 3) constrained forms of adaptive support that do not sufficiently respond to learners’ 
reasoning processes or real-world contexts. Recent advances in Large Language Models (LLMs) offer new 
opportunities to address these limitations, but only when their generative capacity is steered by 
pedagogically meaningful structures. This paper explains the theoretical rationale for using Knowledge 
Components (KCs) and the Structure of Observed Learning Outcome (SOLO) taxonomy to enhance LLM 
interpretation of learning data and generation of personalised and context-aware learning tasks in SLEs.  
KCs help LLMs identify conceptual targets in learner inputs, while SOLO captures the quality of the learner’s 
reasoning. Used together, they support meaningful links between the pedagogical intentions of teachers 
(reflected in a learning design), student modelling, and personalised and context-aware reactions in SLEs.  
Contrary to the usual case of traditional Intelligent Tutoring Systems (ITS), KCs are not used here as 
elements of an expert-driven, pre-defined knowledge model, but as the result of decomposing teachers' 
learning objectives into assessable units that can drive the behaviour of LLMs in SLEs.  The goal of this paper 
is not to introduce a new approach, but to articulate why combining KC and SOLO guidance is a promising 
direction for enhancing SLEs, that make use of LLMs, in theoretically sound, teacher-aligned ways. 
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1. Introduction 

Smart Learning Environments (SLEs) have long aimed to provide continuous support across physical 
and digital contexts through cycles of sensing, analysing, and reacting to learner behaviour [1]. 
Although multiple challenges affect their effectiveness, three persistent issues remain central: 1) the 
weak alignment between Learning Design (LD) and Learning Analytics (LA) [2]; 2) the narrow 
reliance on structured data that obscures conceptual and cognitive evidence [3]; and 3) the difficulty 
of generating adaptive, context-sensitive pedagogical reactions grounded in learners’ reasoning 
processes [4]. Recent advances in Generative AI in general, and Large Language Models (LLMs) in 
particular, have renewed interest in addressing these limitations [4]. LLMs can interpret explanatory 
or reflective learner responses, classify open-ended reasoning, and support teachers during LD [5, 6]. 
Nevertheless, when unguided, their outputs often remain pedagogically shallow, inconsistent, or 
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disconnected from pedagogical intentions [5, 7]. Their linguistic fluency does not guarantee 
educational coherence. 

This motivates the need for pedagogically meaningful structures capable of orienting LLM 
reasoning. In this paper, two are emphasized: Knowledge Components (KCs) and the Structure of 
Observed Learning Outcome (SOLO) taxonomy [7-9]. Crucially, the KCs used here differ from the 
traditional Intelligent Tutoring Systems (ITS) lineage that relies on predefined fine-grained skills or 
production rules [9-11]. This distinction concerns the purpose they serve rather than any inherent 
comparison of quality. Whereas predefined KCs in ITSs support domain-specific knowledge tracing, 
in our context they are used to represent the conceptual targets embedded in teachers’ learning 
objectives so that LLMs can interpret learner inputs in pedagogically aligned ways.  

Recent studies show that KCs can be obtained through multiple methods, including LLM-based 
extraction and data-driven discovery: LLMs can generate KCs that are semantically coherent and 
interpretable for teachers, though still requiring oversight, and automatically learned KCs may reflect 
blended or emergent cognitive patterns rather than isolated micro-skills [12-14]. Together, these 
findings illustrate that KCs being appropriate for hybrid and open-ended learning contexts do not 
need to mirror the granularity of ITS-style skill decompositions. Further, data-driven approaches 
reveal that learned KCs often reflect blended or emergent cognitive patterns rather than isolated 
micro-skills [14], reinforcing that KCs do not need to mirror the granularity of ITS-style skill 
decompositions. This paper focuses on the theoretical justification for using KC and SOLO guidance 
to enhance SLEs. By combining concept-level interpretation with reasoning-level insight, we 
hypothesize that LLM-supported SLEs can better align LA with LD, construct richer student models, 
and produce adaptive reactions that are pedagogically sound and contextually meaningful.  

2. Why Focus on Knowledge Components and SOLO? 

2.1. Knowledge Components for Conceptual Clarity 

KCs were defined in foundational work by Koedinger et al. [9] as “an acquired unit of cognitive 
function or structure that can be inferred from performance on a set of related tasks”. This definition 
situates KCs as fine-grained cognitive units that reveal what learners must know or be able to do in 
order to perform a task successfully. Subsequent work expands this view by noting that KCs may 
represent facts, concepts, procedures, misconceptions, or skills, thereby encompassing a broad range 
of conceptual elements relevant for student modelling [15, 16].  

In learning sciences research, KCs have traditionally been defined as the inferable cognitive 
structures activated during task performance [17]. Within ITS, these units typically appear as stable, 
fine-grained skills or production rules [10, 11]. However, recent findings show that KCs generated by 
LLMs or data-driven models differ meaningfully from this tradition. For instance, Moore et al. [12] 
demonstrate that LLM-generated KC labels derived from domain materials are often clearer and more 
intuitive to human evaluators than expert-authored KCs. Similarly, Sampaio de Alencar et al. [13] 
show that automatically derived KCs can be meaningfully clustered and reorganized to support 
teacher interpretation. Shi et al. [14] further demonstrate that KCs can emerge as latent patterns in 
learner behaviour, capturing blended or composite reasoning tendencies not easily expressible as 
isolated ITS-style skills. Together, these findings indicate that KCs suited to hybrid, open-ended 
learning tasks must emphasize conceptual interpretability rather than strict micro-skill 
decomposition. The KCs used here therefore represent the conceptual targets embedded in learning 
materials such as ideas, relationships, distinctions, or principles that learners must activate. This 
makes them pedagogically appropriate anchors for orienting LLMs in environments where learners 
express understanding through unstructured, situated, or reflective tasks.  

Integrating Koedinger et al.’s [9] definition with recent LLM-based work highlights that the role 
of KCs has broadened: while they remain units of cognitive structure, they are no longer restricted to 
predefined curricular elements. This expansion reflects not only the variety of sources from which 
KCs may be obtained but also the different methods used to derive them, ranging from traditional 



expert specification to matrix-factorization and clustering approaches, as well as LLM-based 
extraction from instructional materials [12-14]. As explained in previous studies, KCs may also 
emerge from patterns in learner behaviour [14] or from automated analyses of instructional materials 
[12, 13]. This expanded view preserves their inferable cognitive nature while allowing them to reflect 
the conceptual granularity actually present in learning tasks. This evolution positions KCs as the 
most viable representational layer for aligning pedagogical intentions with LLM-supported 
interpretation [9, 18]. Because KCs make explicit the conceptual distinctions embedded in teacher-
provided materials—including not only instructional documents but also elements of the learning 
design such as learning objectives and task descriptions—they provide a tractable and pedagogically 
meaningful structure for LLMs to recognize within learner responses [12]. At the same time, their 
flexibility accommodates the heterogeneous, sometimes composite cognitive patterns identified in 
contemporary data-driven research, ensuring that they remain interpretable even as their origins shift 
from expert specification to semi-automated derivation [13, 14, 19].  

2.2. SOLO for Characterizing Reasoning Quality 

The SOLO taxonomy classifies learner responses according to the structural organization of ideas, 
offering a way to evaluate the quality of understanding rather than the type of task or the action 
verbs associated with learning objectives [8, 20, 21]. SOLO describes a progression from pre-structural 
responses, in which no meaningful engagement with the task is evident, to uni-structural and multi-
structural responses that introduce one or several ideas, and further to relational and extended 
abstract responses, where those ideas are integrated or generalized. This contrasts with taxonomies 
such as Bloom’s revised taxonomy, Depth of Knowledge, or Marzano’s New Taxonomy, which 
classify cognition based primarily on action types or task complexity rather than the structure of the 
learner’s explanation [22, 23].  

The literature emphasizes that many established taxonomies are limited when analysing 
unstructured learner outputs, because they focus on cognitive actions or task demands rather than 
on the internal structure of the learner’s response [22, 23]. SOLO addresses this limitation by 
evaluating the quality and organization of the ideas expressed by the learner rather than the task 
itself [20, 21]. SOLO’s developmental sequence (from isolated ideas to integrated and generalized 
understanding) has been repeatedly described in the literature, and this progression is central to its 
suitability for analysing learning outcomes [20, 21]. This makes SOLO particularly relevant for SLEs 
that need to interpret learner-generated content [22, 23]. Recent evidence demonstrates that LLMs 
can reliably classify learner responses according to SOLO levels, capturing distinctions in reasoning 
quality beyond correctness or keyword matching [6]. This compatibility with LLM-based analysis 
strengthens the case for using SOLO as a guiding structure in SLEs, since it provides a taxonomy that 
can be operationalized for evaluating open-ended or explanatory responses. Overall, SOLO offers a 
well-established approach for representing the structural complexity of learner understanding in a 
way that aligns with the needs of SLEs, especially when these environments rely on generative models 
to interpret learners’ explanations or reflections [20-23]. 

2.3. Complementarity 

KCs and SOLO serve different but mutually reinforcing roles. KCs identify the conceptual content 
present in a learner’s response [9, 16, 18], while SOLO captures the structural complexity of the 
reasoning [20, 21]. Used together, they provide a balanced perspective that avoids the limitations of 
either approach alone. This dual perspective allows LLMs to interpret open-ended responses in ways 
that remain precise, pedagogically aligned, and sensitive to developmental progression. Because KCs 
and SOLO capture different dimensions of performance, bringing them together enables 
interpretations that are both conceptually specific and cognitively meaningful. This complementarity 
is reinforced by findings showing that KCs can vary in granularity and may represent blended or 
emergent patterns rather than predefined skills [13, 14]. SOLO, by focusing on the structural 
complexity of the response itself, offers a way to interpret such heterogeneous conceptual units 



without requiring them to conform to a fixed skill hierarchy [20, 21]. Thus, while KCs reveal which 
conceptual elements appear in a learner’s explanation, SOLO provides a lens for interpreting how 
these elements are expressed and interconnected.  The combination is further supported by research 
showing that learning objectives and competences often aggregate multiple skills, concepts, or 
knowledge components [1, 24-26]. When KCs and SOLO are used together, they help make these 
broader intentions analytically tractable: KCs offer insight into which parts of the intended 
conceptual landscape learners engage with, while SOLO clarifies the developmental sophistication 
with which these engagements occur. As a result, the two constructs jointly support the kind of 
pedagogically aligned interpretation that SLEs require but often lack. KCs ensure that interpretations 
remain tied to the intended conceptual content, while SOLO ensures that learners’ cognitive 
performance is evaluated in terms of structural quality rather than surface correctness. These 
complementary insights allow LLMs to generate analyses and reactions that more faithfully reflect 
pedagogical goals, particularly in hybrid and open-ended learning contexts where conceptual 
variability and reasoning differences are both central to understanding student progress. 

3. Why KC and SOLO-guided LLMs Can Enhance SLEs 

Analytic models in many SLEs fail to reflect the pedagogical intentions embedded in LD [1, 4]. 
Learning objectives are typically too broad to be operationalized computationally [27]. In contrast, 
KCs derived from teacher-provided materials offer conceptual units that can be recognized by LLMs. 
When paired with SOLO-aligned examples, these units make analytics sensitive not only to the 
learner's conceptual focus but also to their reasoning quality [20, 21]. This connection helps reduce 
the longstanding disconnect between design and interpretation.  

Traditional student models in SLEs rely heavily on structured traces such as quiz scores or 
interaction logs [28]. These overlook the conceptual and cognitive richness of learners’ open-ended 
responses. KC-guided interpretation allows LLMs to identify which conceptual targets appear in a 
student’s explanation, while SOLO-guided classification captures developmental differences in how 
ideas are organized. Combined, they allow student models to represent conceptual mastery patterns 
and reasoning trajectories that were previously invisible [15, 16, 29, 30]. The feasibility of using LLMs 
to detect such reasoning patterns has also been demonstrated in recent work using SOLO-aligned 
classification of student responses [6]. Existing SLE reactions are often rule-based or generic, lacking 
sensitivity to learners’ conceptual understanding or cognitive depth [1, 31]. When LLMs generate 
adaptive support anchored in KCs and SOLO, reactions can reflect both what the learner is addressing 
and how deeply it is understood. This enables more diverse and pedagogically meaningful feedback, 
including reflective prompts, conceptual hints, or follow-up tasks aligned with SOLO levels [8]. 
Because SLEs frequently integrate contextual data such as time, weather, geolocation, or 
environmental conditions [26, 32], LLM-generated reactions can be adapted to real-world conditions, 
supporting feasible and situated hybrid learning experiences. Concerns about AI reducing teacher 
control are well known [33]. KC and SOLO structures mitigate this risk by providing interpretable 
intermediaries that teachers can inspect, merge, refine, or reject. Since the KCs used here can originate 
from teacher materials rather than from predefined skill lists (as is typically the case of ITSs), they 
can remain more closely aligned with pedagogical intentions while still enabling LLM-assisted 
personalisation and context-aware adaptation [24, 25]. 

4. Conclusion 

This paper has argued that combining KCs and the SOLO taxonomy offers a theoretically grounded 
way to guide LLMs in SLEs. The KCs adopted here are not the predefined micro-skills of ITS research; 
instead, they reflect interpretable conceptual units derived from teacher materials or from LLM-
assisted extraction, as shown in studies demonstrating the pedagogical advantages of LLM-generated 
or data-driven knowledge units [12-14]. SOLO complements these units by capturing the structural 
quality of learner reasoning, providing essential cognitive insight for interpreting open-ended 



responses [8, 20, 21]. By making conceptual targets and reasoning structures explicit, KC- and SOLO-
guided LLMs offer a promising direction for addressing three persistent SLE challenges: misalignment 
between LD and LA, limited student models, and insufficiently adaptive reactions [2, 4]. Their 
combination enables more meaningful personalization that remains transparent, situated, and aligned 
with teacher intentions. 
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