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Abstract

Knowledge component annotation is important for adaptive learning systems, such as programming practice
recommenders, but manually annotating programming exercises with fine-grained concepts is costly and difficult
to scale. Large language models (LLMs) offer a promising alternative, yet open-ended LLM annotation can produce
unstable labels that are difficult to align with existing curriculum models. This paper studies ontology-guided
KC extraction as a human-AlI collaboration task: human experts define a domain’s conceptual structure, such as
the Python ontology explored in our work, while LLMs perform scalable exercise-level annotation within that
fixed label space. Our work has been motivated by the success of the CLAWS framework, a pioneer approach to
annotate programming exercises with ontology concepts through KC-windowing and aggregation. We reproduce
and extend the CLAWS approach and evaluate whether its performance remains reliable on a much broader range
of LLM deployment classes: Compact Generalist API, Mixture of experts Generalist API, Efficient Generalist
API, Open-Weight Generalist API, Small Generalist Local, and Code Specialist Local. We compare annotation
quality delivered by these models against expert labels using precision, recall, F1, Jaccard similarity, and average
prediction density. The results show that the ontology-guided LLM-based KC extraction can achieve strong
expert agreement, but its calibration varies substantially between model classes.
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1. Introduction

Annotating learning content with knowledge components (KC) is important for all kinds of personalized
learning systems, but traditional manual annotation by domain experts is hard to scale, as this process
requires substantial time and domain expertise [1, 2]. For example, modern repositories of interactive
learning content for programming [3] offer hundreds of content items with dozens new items added
every week. These content items require fine-grained KC indexes to be found by course developers
and to be timely recommended to learners with different levels of knowledge. Prior work has explored
automated approaches for extracting programming concepts from code and student data [4, 5, 6]. But,
scalable annotation remains challenging when the goal is to produce labels that are interpretable and
aligned with curricula. Large language models (LLMs) offer a new opportunity for KC annotation
because they can interpret natural-language exercise descriptions, program code, and educational
context. Recent work has begun to use LLMs for KC generation, concept tagging, and educational
annotation [7, 8, 9, 10]. However, open-ended LLM annotation can produce labels that vary in wording,
granularity, and coverage across exercises or model runs. For adaptive learning systems, this variability is
problematic because student progress must be tracked against a stable and reusable concept vocabulary.

This problem is especially relevant for computing education, because programming repositories can
grow faster than expert annotation workflows. To facilitate access to new exercises, their labeling with
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KCs needs to be expedited as much as possible so that they can be indexed, connected to learner models
and recommended.

With the continuous proliferation of LLMs, a decision to choose the right model for the task be-
comes difficult. Hosted API models may offer stronger instruction following, but they can introduce
prohibitively-high cost, privacy, and dependency concerns. Local and open-weight models may offer
more institutional control, but they may require additional output control or calibration. Therefore,
evaluating across model classes helps identify desirable LLM behaviors for reliable deployment.

This paper examines ontology-guided KC extraction for programming exercises. Instead of treating KC
extraction as a generation task, prompting an LLM to invent concept labels, we frame it as an annotation
task constrained by an expert-authored ontology. Ontologies have long been used in educational
technology to represent domain knowledge and support personalization [11, 12], particularly because
in many fields (including programming), learning objectives when expressed in terms of concepts have
hierarchical and relational structures that are natural to represent with the help of ontologies [13, 14].
They also provide other benefits such as development of shared, reusable, controlled and semantically
consistent vocabularies of important notions in a domain. Hence, the approach, advocated in this
research is to use an ontology to define the concept label space, while the LLM performs exercise-level
annotation within that space.

The paper builds on the success of the CLAWS approach for ontology-guided KC extraction from
programming learning content [15]. It demonstrated the promise of the approach using a single LLM,
leaving open the question of whether the same method works reliably across different LLM deployment
classes. We address this gap by performing an extensive exploration of the CLAWS approach across
a broader range of models and annotation harness parameters. We contribute an analysis of how
model class and harness parameters interact in a programming KC extraction task; including output
compliance, batch stability, expert agreement, threshold sensitivity, and prediction density.

2. Literature Review

2.1. Automated KC Extraction for Programming

Recent work has used student submissions and learning traces to discover or refine programming
KC [16, 5, 6]. These data-driven approaches connect KC modeling to observed student behavior, but
automatically discovered features may still require interpretation before they can be used as curriculum-
facing concept labels. Hybrid approaches address this limitation by combining automated extraction
with expert knowledge, preserving interpretability while reducing manual annotation effort [17]. The
present work follows this hybrid direction by using automated annotation while keeping the label space
grounded in a human-authored concept model.

2.2. Ontologies as Shared Vocabulary

Ontologies provide a structured way to represent educational domain knowledge. They have been
used to organize learning resources, support semantic indexing, structure course content, and enable
personalization in adaptive systems [11, 12, 18, 19]. In programming education, ontologies are especially
appropriate because programming knowledge has hierarchical and relational structure. Earlier work
developed ontology-based representations for programming domains [13], and more recent work has
extended this direction to Python programming concepts [14].

For KC annotation, ontologies are useful because they define a shared vocabulary and stable label
space. This stability is important for adaptive learning systems, where student progress must be tracked
consistently across activities and over time. If an annotation system generates labels freely, it may
produce inconsistent labeling and granularity, or concepts that do not align with the curriculum. A
fixed ontology reduces this problem by constraining annotation to a shared domain model.



2.3. Model Selection and Reliability

LLM performance varies across model families, deployment settings, and task formats. General bench-
marks provide useful signals, but they do not fully determine performance on specialized educational
annotation tasks. Holistic and arena-style evaluation work emphasizes that model quality depends on
the task, context, and evaluation criterion [20, 21, 22]. For KC extraction, a model must do more than
understand code or language: it must also follow instructions, remain within the target label space, and
produce annotations that can be processed by downstream systems.

Structured-output reliability is therefore central to LLM-based annotation pipelines. Work on schema-
constrained and structured generation shows that producing valid machine-readable output remains a
nontrivial challenge for LLMs [23, 24]. This concern is particularly important in educational data mining,
where malformed or inconsistent outputs can affect later student modeling, recommendation, and
analytics. Differences among model classes may also matter: mixture-of-experts, dense open-weight,
code-specialized, and local models represent different tradeoffs in capability, cost, deployment control,
and output reliability [25, 26, 27, 28].

2.4. Ontology-Guided KC Extraction

The literature suggests a need for KC annotation methods that are scalable, interpretable, and aligned
with stable curriculum models. Manual annotation provides interpretability but is costly. Parser-based
and data-driven approaches reduce manual effort but may not fully capture pedagogical intent or may
require additional interpretation. LLMs can support semantic annotation, but open-ended generation
can produce imbalanced, irregular, or curriculum-misaligned labels.

Ontology-guided KC extraction addresses these limitations by combining expert-defined concept
structure with scalable LLM-based annotation. In this framing, the ontology defines the valid KC space,
while the LLM assigns programming exercises to concepts within that space. This preserves the role of
human expertise in defining the domain model while using LLMs to reduce the cost.

This study builds on the CLAWS framework for ontology-guided concept extraction from program-
ming learning content [15]. Whereas prior work established the feasibility of ontology-guided LLM
annotation, the present study examines whether this annotation harness generalizes across different
LLM deployment classes. LLM harness refer to the full annotation setup around the model: the ontology-
constrained prompt, KC-window size, repeated annotation batches, score aggregation, thresholding,
and output parser. A model that performs well in general natural-language tasks may still be unsuitable
for educational annotation if it cannot follow the schema, maintain stable scores, or produce KC sets
with an appropriate level of detail. This positions ontology-guided KC extraction as a human-directed
form of human-AI collaboration for scalable annotation.

3. Methods

This study extends the CLAWS ontology-guided extraction of KC [15]. We use the same Python
programming exercise dataset, expert KC annotations, and Python educational ontology. The dataset
contains 262 interactive learning activities from introductory Python courses taught across multiple
institutions. The candidate label space is defined by the Python educational ontology, which contains
128 classes, including 98 leaf-level concepts used as candidate KC [14]. Expert-authored KC labels serve
as the gold standard for expert-agreement evaluation.

The annotation harness follows CLAWS: each exercise is submitted to an LLM together with candidate
ontology concepts, and the model generates a brief relevance rationale then assigns a score from 0 to 5
for each candidate concept. The expected output is a structured CSV-style table.

A KC-window is the subset of candidate ontology concepts shown to the model in one prompt. For a
KC-window size w, the leaf-level candidate concepts are divided into groups of size w, and each exercise
is annotated once for each group. We evaluate w = 5, w = 10, and w = 20, as well as a no-window
configuration in which the full candidate label space is provided in a single prompt. KC-windowing is



intended to reduce the number of candidate labels the model must judge at once, but it may also remove
useful global context about the ontology. For this reason, we treat KC-window size as a calibration
parameter rather than as a fixed best practice.

Each model configuration is run for three repeated batches when feasible. For each exercise-concept
pair, repeated scores are aggregated using the modal score, with ties resolved toward the higher score.
The aggregated scores are converted into predicted KC sets using thresholds ¢ € {3,4,5}. A concept
is predicted as present when its aggregated score is greater than or equal to t. The threshold t = 4 is
used as the primary comparison point. Following common five-level rating conventions, a score of 4 is
typically interpreted as a good or strong relevance rating. Because LLMs may generate ordinal score
scales differently, we treat threshold choice as another calibration parameter.

We selected models to represent common deployment choices for annotation pipelines: compact
hosted models, large mixture-of-experts hosted models, efficient low-latency hosted models, large
open-weight generalist models, small local generalist models, and code-specialized local models. GPT-
4.1-mini represents a compact generalist API model, capturing a lower-cost hosted option with strong
instruction-following and coding-oriented capabilities. DeepSeek-V3 represents a large Mixture-of-
Experts (MoE) generalist API model; it has 671B total parameters, 37B active parameters per token,
and was trained on 14.8T tokens, allowing us to test whether a high-capacity sparse model improves
ontology-guided annotation over smaller or denser alternatives [25]. Claude Haiku 4.5 represents an
efficient generalist API model, included to examine whether a speed- and cost-oriented hosted model
can still produce reliable structured KC annotations. Llama 3.3 70B represents a large open-weight
generalist model, providing a comparison point for non-proprietary models that offer more deployment
control while retaining broad reasoning and code-understanding capability [26]. Mistral 7B represents a
small instruction-tuned local model, included to test whether lightweight local deployment is sufficient
for a structured ontology-scoring task. Qwen2.5-Coder 7B represents a code-specialized local model;
it is built for programming-related tasks and is included to examine whether code specialization can
compensate for smaller model scale in KC extraction [28]. Qwen2.5-Coder 7B was evaluated on a
half-sampled subset of 132 exercises with single batch.

We first evaluate output compliance and batch stability. These diagnostics indicate whether poor
downstream performance is caused by failures in producing stable and parseable outputs. Expert
agreement is then evaluated by comparing each predicted KC set with the corresponding expert-label.

4. KC-Extraction Diagnostics

4.1. Output Compliance

Output compliance measures whether model responses could be parsed into the expected structured
annotation format. We report the percentage of prompt responses that were successfully parsed into
usable annotation files. We ran three batches for each model configuration; the reported value is the
mean parse success rate across batches.

Table 1

Output compliance.
Model w=>5 w=10 w=20 No window (w = 98)
GPT-4.1-mini 99.6% 99.6% 99.6% 99.6%
DeepSeek-V3 100.0%  100.0% 95.7% 100.0%
Claude Haiku 4.5 99.0% 98.8% 99.2% 99.5%
Llama 3.3 70B 96.2% 98.6% 99.4% 99.3%
Mistral 7B 44.2% 56.6% 41.2% 63.6%
Qwen2.5-Coder 7B 56.4% 62.9% 65.8% 61.0%

The API-based model classes generally produced highly parseable outputs. GPT-4.1-mini, DeepSeek-
V3, Claude Haiku 4.5, and Llama 3.3 70B all exceeded 95.0% parse success in every reported KC-window



configuration, with most configurations near 100.0%. In contrast, the local model classes had much
lower parse success. Mistral 7B parsed only 44.2% of w = 5 responses, and Qwen2.5-Coder 7B parsed
56.4% of w = 5 responses on the sampled subset.

4.2. Batch Stability

Batch stability measures whether repeated annotation runs produce similar predicted KC sets. We
report two stability metrics. The first is all-batch intersection-over-union (IoU), which measures the
overlap shared across all available batches. The second is mean pairwise Jaccard similarity (Mean J),
which averages the Jaccard similarities across all pairs of batches. Higher values indicate more stable
repeated annotations.

Table 2

Batch stability
Model (Class) w=5 w=10 w=20 No window (w = 98)
GPT-4.1-mini loU .84 .82 .85 49
(Compact Generalist API) Mean | .92 91 90 71
DeepSeek-V3 loU 93 92 .78 93
(MoE Generalist API) Mean ] .95 .95 .85 .96
Claude Haiku 4.5 loU .60 .69 .64 15
(Efficient Generalist API) Mean | 71 .79 .76 .28
Llama 3.3 70B loU 43 .38 .24 .14
(Open-Weight Generalist API)  Mean .57 .53 .39 .26

High output compliance does not necessarily imply stable annotation behavior, as shown in Table 2.
DeepSeek-V3 was highly stable across most configurations, with mean pairwise Jaccard values of .95
for KC-window size w = 5, .95 for w = 10, and .96 for no-window. GPT-4.1-mini was also stable
under KC-windowed prompting, with mean pairwise Jaccard values at least .90 for w = 5, w = 10,
and w = 20, but was less stable in the no-window. Claude Haiku 4.5 and Llama 3.3 70B showed lower
stability, especially in the no-window, suggesting that these model classes were more sensitive to large
candidate-label contexts.

5. Expert Evaluation

This evaluation compares CLAWS-generated knowledge components (KC) against expert annotations.
For each exercise, LLM-generated scores were converted into a predicted KC set by applying a threshold
t € {3,4,5}: a concept was treated as present when its score was greater than or equal to t. We
report macro-averaged precision (P), recall (R), F1, and Jaccard similarity (J) across exercises. The
average number of predicted concepts per exercise is also reported because prediction density affects
the interpretation of precision and recall. The expert annotations contain an average of 13.41 concepts
per exercise. We interpret each model as a representative case of a broader model class.

5.1. Aggregate Expert-Agreement Results

Table 3 reports the expert-agreement results across thresholds and KC-window sizes using mode
aggregation with high-score tie breaking. The table shows that annotation quality varies by model
class. This means that performance is not only a property of the base model; it is also affected by the
surrounding annotation harness. In several configurations, macro F1 is lower than both precision and
recall, indicating uneven precision-recall behavior across exercises.



Table 3
Expert agreement for three-batch aggregate predictions by model, KC-window size w, and threshold ¢.

KC window, w = 5 KC window, w = 10 KC window, w = 20 No KC window
Model (Class) ¢
P R A J  M@©SD) P R A ) M(@SD) P R A ) M(@SD) P R A ) M(SD)
GPT-41-mini 3 8 .9 88 80 158(574) .72 .96 .82 .71 17.7(648) 78 .96 .86 76 163(570) .84 .92 88 80  14.3(5.76)
(lch et Generalist API) 4 8 9 .90 .83 150(73) 76 9 .84 .74 17.0(642) 81 9 88 .79 157(559) 86 92 .88 .81  141(5.70)
P 5 .89 90 .8 81 135(31) .81 87 83 .73 145(621) .87 91 .89 .81 140(543) .88 .89 .88 81 133(563)
DeepSeek-V3 3 78 9 8 76 163(94) 81 .96 .87 .79 156(561) 80 .96 .87 78 159(573) .91 .96 .93 .88  139(498)
671B total; 37B active 4 8 9 87 .79 156(591) 85 95 .89 81 149(549) 82 95 88 80 154(561) 92 95 93 .88  13.7(5.00)
(MoE Generalist API) 5 .85 93 .88 .80 146(543) .87 93 .89 .82 141(502) .85 94 .89 .82 148(540) .92 93 92 88 133(501)
) 3 8 83 .80 .70 139(711) 83 .79 .78 .70 126(685) 79 .80 .78 .70 126(699) .75 .77 .76 .69  121(699)
Claude Haiku 4.5 : ;
(Efficient Generalist API) 4 83 .80 79 .69 13.0 (6.66) .85 75 77 .68 11.5 (6.18) 81 75 .76 .68 11.4 (6.37) .76 Al 73 .65 10.9 (6.41)
o ' 5 .88 57 .67 54 860(472) .89 55 66 .53 799(440) .84 55 65 52  800(456) .78 .52 .62 50  7.73(485)
Uama 3.3 708 3 58 .88 .69 54 207(812) 59 .90 71 56  205(754) 60 .84 .69 54 189(762) .70 .67 .67 .52 128(552)
(OpenWeight Generalist Py ¢ 62 7 7156 190020 63 8 73 % 189670 63 & 70 55 175(69) 71 65 67 52 121610
P & 5 .71 76 .72 .58  144(524) .71 78 .73 .60 146(521) .70 .70 .69 54  133(5.19) .73 55 .61 46 979 (4.17)
Mistral 78 3095 064 069 039 617(406) 079 032 .040 .023 271(280) .063 .022 .031 018 178(239) .011 .004 004 .003 186 (298)
(Stmall Generalist Local) 4 10 062 071 .040 548(362) 078 029 038 021 239(247) 059 020 028 016 1.60(212) 004 003 .003 .002 1.18(212)
5 .12 053 067 038 386(283) 075 020 028 016 1.61(1.63) 057 015 023 013 1.18(167) 006 .003 003 .002  0.74(1.59)
3 37 38 36 .23 148(771) 37 .33 .33 .21 128(7.10) 37 .21 25 .15  889(601) .20 .068 .095 .060 218 (260)
y i
%WZ"ZS‘S Cf’dl,”li_s ) 4 42 25 29 a8 - 39 20 25 16 - 37 a3 a8 - 19026 044 025 -
ode specialist Local 5 a5 022 .03 021 - 3028 043 026 - 092 019 029 017 - 0 0 0 0 -

P = precision; R = recall; F1 = F1 score; ] = Jaccard similarity.
The number of KC predicted per exercise reported as the mean and standard deviation, M (SD).

At threshold ¢ = 4, DeepSeek-V3, the MoE Generalist API class, achieved the strongest expert-
agreement result, with macro F1 = .93 and J = .88 in the no-window configuration. This configuration
predicted 13.7 concepts per exercise on average, which is close to the expert average of 13.41.

The GPT-4.1-mini, Compact Generalist API class, also performed strongly with KC-window size
w = J, reaching macro F1 = .90 and ] = .83. However, it predicted slightly more concepts per exercise
on average, suggesting a more recall-oriented behavior. Claude Haiku 4.5 followed the small KC-
window pattern, performing best with w = 5, while Llama 3.3 70B performed best with w = 10 at this
threshold. In contrast, DeepSeek-V3 performed best without KC-windowing. These results suggest that
KC-windowing is a model-class-dependent mechanism rather than a universally optimal configuration.

We therefore avoid interpreting the best-performing model as a permanent recommendation. Instead,
the result shows that model-class behavior interacts with the KC-window and threshold settings, and
that future models should be calibrated rather than assumed to inherit the same optimal configuration.

5.2. Prediction Density and Threshold Effects

All models were evaluated against the same expert annotations within a given evaluation set and were
prompted with the same candidate KC labels within a given KC-window size. What differs is how many
labels each model assigns scores at or above the threshold. Any label below the threshold is treated as
not predicted. Thus, recall is directly affected by the number of labels that pass the threshold. Models
that predict more labels tend to recover more gold-standard concepts, but may get more false positives.

The average number of predicted labels per exercise varied across models for predictions aggregated
across three batches at KC-window size w = 5 and threshold ¢ = 3. The gold-standard annotations
contain 13.4 KC per exercise on average. GPT-4.1-mini and DeepSeek-V3 predict more labels than the
gold standard, with 15.8 and 16.3 mean predicted KC per exercise, respectively, which helps explain their
high recall. Claude Haiku 4.5 predicts 13.9 labels per exercise, close to the gold-standard density. Llama
3.3 70B is much more expansive, predicting 20.7 labels per exercise, which supports high recall but can
reduce precision. Mistral 7B is much sparser, predicting only 6.17 labels per exercise, and therefore
lowering recall.

A model with high recall may be recovering many correct KC because it predicts more labels overall. A
model with high precision may be predicting fewer labels, but this can cost missing many gold-standard
KC. For ontology-guided KC extraction, the ideal behavior is to produce a prediction density close to
the expert annotation pattern while maintaining high precision and recall.

Threshold sensitivity further supports the class-dependent interpretation. DeepSeek-V3 was relatively
stable across thresholds in the no-window setting, with aggregate macro F1 changing only slightly from
93 att =3to.93att =4 and .92 at t = 5. Claude Haiku 4.5 was more threshold-sensitive: its best



aggregate result occurred at t = 3 with macro F1 = .80, while increasing the threshold to ¢ = 5 reduced
its best macro F1 to .67. Llama 3.3 70B showed a different pattern, with its strongest aggregate result
at w = 10 and ¢t = 5 (macro F1 =.73). The numerical score scale is not used identically across LLMs.
Consequently, the threshold should be viewed as a calibration parameter rather than a fixed property.
In practice, this means that a small validation set with expert labels is needed when changing model
classes. The threshold should be selected not only by maximizing F1, but by checking whether prediction
density is close to the expert annotation pattern and appropriate for the intended downstream use.

5.3. Local LLMs and Pipeline Readiness

The lower expert-agreement scores of Mistral 7B and Qwen2.5-Coder 7B are partly driven by output
non-compliance rather than only by semantic disagreement with the expert annotations. The evaluation
pipeline expects each model to generate structured CSV output with valid exercise identifiers, ontology
labels, and numeric scores. When a model fails to generate a valid row, omits required labels, produces
malformed CSV, or hallucinates labels outside the ontology, those missing or invalid predictions cannot
be counted as positive KC. The current CLAWS pipeline is more suitable for models that can reliably
follow the structured-output format without additional orchestration. Consequently, the local-model
results are best understood as readiness under the current pipeline. Local models require stronger
output-control mechanisms, such as constrained decoding, schema validation, automatic output repair,
few-shot formatting examples, or fine-tuning.

6. Discussion and Conclusion

This study evaluated whether the CLAWS ontology-guided KC extraction generalizes across different
classes of LLMs. The results show that the approach can produce high-quality KC annotations, but
performance is uneven across model classes. Hosted generalist models were the most reliable overall,
while smaller local models struggled mainly with structured-output compliance and sparse or incomplete
KC predictions. The main implication is that ontology-guided KC extraction should be treated as a
calibrated annotation pipeline. KC-window size, score threshold, prediction density, aggregation, and
output compliance all affect performance. These factors are likely to remain relevant even as specific
LLMs change, because future models will still need to interpret the ontology, score candidate concepts,
follow a structured schema, and produce KC sets at a useful level of detail.

The results also show that KC-windowing should not be treated as a fixed best practice. In the
earlier CLAWS study, smaller ontology KC-windows improved performance by reducing the number
of candidate concepts shown at once. In this broader model-class evaluation, the best KC-window
configuration varied by model. Some models benefited from small KC-windows, while others performed
better when given the full label space. This suggests that both KC-window size and threshold should be
treated as calibration parameters that depend on the model and the downstream use case.

This study has several limitations. The evaluation used one Python ontology and one collection of
Python programming activities, so the results may not transfer directly to other programming languages,
domains, or ontology structures and granularity. Each model represents a broader deployment class, but
one model cannot fully characterize that class. Finally, this study evaluates annotation quality against
expert labels, but not the effect of the resulting annotations on student learning, knowledge tracing, or
recommendations in a deployed adaptive system.

Ontology-guided LLM annotation offers a scalable and human-directed approach to human-AI
collaboration for KC extraction in programming education. A useful LLM harness should follow the
ontology, produce stable structured output, assign concepts consistently, and generate KC sets with
an appropriate level of detail. Future work should examine hierarchical annotation, model-specific
output-control strategies, and the use in deployed adaptive programming systems.
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