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Introduction

Abstract

Studying the cognitive engagement shown in forum messages of informal online
communities can help to associate discussion behaviour with underlying learning
processes. The ICAP framework can serve as a theoretical lens for labelling forum
messages by distinguishing different levels of cognitive engagement, yet requires
time-consuming, high-inference human coding, which is not feasible at scale.
Although this can be mitigated by supervised classification models, these rely on large
amounts of labelled training data, and their decision-making often remains opaque.
In contrast to this, Large Language Models (LLMs) work “out-of-the-box” for
qualitative coding tasks via natural language instruction and can produce reasoning
traces and explanations for their judgments. In this study, we explore this potential
by integrating the ICAP framework into natural-language prompts for few-shot in-
context classification, comparing LLM judgments and explanations with those of
human raters. Results indicate that LLM judgments generally align with the human
ratings, while their reasoning traces and variations offer additional insight into where
the coding scheme invites ambiguous interpretations. This suggests that LLMs could
serve as cognitive proxies that help diagnose and improve high-inference coding
processes. Finally, we apply our approach to large-scale forum data, revealing cross-
platform differences in expressed cognitive engagement.

Keywords: informal learning, cognitive engagement, large language models (LLMs),
qualitative coding, forum discussions

Discussing with peers is widely acknowledged as a powerful catalyst for learning,

encouraging us to articulate ideas, consider alternative perspectives, and collaboratively

build new understanding. In digital settings, discussion forums serve as social spaces that

enable such peer exchanges. Their role is well-researched in contexts like Massive Open
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Online Courses (MOOCs), in which active forum participation has been positively linked
to improved learning outcomes and course performance (e.g., Houston et al., 2017; Tseng
etal., 2016). However, discussion forums can facilitate learning beyond formal educational
settings. Informal contexts such as online Citizen Science (CS) projects, where volunteers
support researchers by engaging in scientific activities, also offer integrated discussion
forums where volunteers can discuss their findings. These discussions can eventually foster
the acquisition of scientific skills and domain knowledge (Aristeidou & Herodotou, 2020).
Similarly, open online forums like Reddit where users learn about specific topics by asking
and discussing them with others (e.g., 7/askscience) can also serve as networked learning
communities (Del Valle et al., 2020). In both cases, learning is primarily spontaneous,
emergent, and detached from predefined goals or assessments (Prestridge et al., 2024), and
occurs in large communities where it is typically driven by task needs and intrinsic
motivation. Consequently, the scale of these communities and the absence of tangible
learning outcomes like assessments or grades make identifying learning and providing
support particularly challenging.

However, forum discussions of both formal and informal settings leave collectible traces
of user interactions. The interactions themselves can be analysed through techniques such
as social network analysis (e.g., Hoppe et al., 2016), their content can be qualitatively coded
(e.g., Weinberger & Fischer, 2006) or methods can be combined (e.g., Wise & Cui, 2018).
Typically, these are related to the final grade, a post-test or course persistence to assess
their impact on learning (Joksimovi¢ et al., 2018). However, without such explicit learning
outcomes or standardised assessments, it is relevant to explore ways of identifying learning
through observable changes in behaviour. To this end, the cognitive engagement of
individuals is of particular interest, as it can reveal insights into their cognitive processes
and offers a structured way to associate knowledge-change processes with overt behaviours
such as written forum messages (Joksimovi¢ et al., 2018; Wang et al., 2016). The ICAP
framework proposed by Chi & Wylie (2014) distinguishes four hierarchical levels of
cognitive engagement, namely Passive (P), Active (A), Constructive (C) and Interactive
(I), and allows us to classify learning activities accordingly. The framework is particularly
well suited to study learning processes in discussion forums and was frequently used in
formal contexts to examine learner behaviour and outcomes, e.g., through human coding
(Rakovi¢ et al., 2020; Sharma et al., 2024; Wang et al., 2016).

Applications of the ICAP framework to informal contexts are scarce, despite similar
conditions and its potential for measuring distinct levels of cognitive engagement. For
example, aggregating data over time (on a forum- or individual-level) can reveal shifts that
potentially reflect learning-related processes as predicted by the ICAP hypothesis.
However, coding schemes for ICAP, such as the one developed by Wang et al. (2016),

involve high-inference decisions between categorical levels that may sometimes be
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inherently ambiguous, especially without standardised learning tasks and instructions.
Unlike in formal settings, the boundaries of “on-task™ versus “off-task” discourse are less
defined, and the criteria for the distinct ICAP levels require careful considerations.
Therefore, the first aim of this study is to apply and systematically evaluate the ICAP
coding scheme by Wang et al. (2016) for identifying cognitive engagement in these less-
structured, informal environments.

Another challenge is the size of these environments, as informal communities often
comprise thousands of users, making manual coding hardly feasible. While automated
classification using natural language processing (NLP) has already been employed to
address this, supervised methods rely on large, human-coded datasets for training. At the
same time, these approaches remain “black boxes” that usually lack rationales or
explanations for their predictions. Recent advances in Large Language Models (LLMs)
offer promising new possibilities (Bosch et al., 2024; Pavlovic & Poesio, 2024): Trained
on extensive text, they can generalise to new tasks without specific training and generate
surprisingly adequate responses and explanations through natural language prompts (i.e.,
zero-shot prompting). Yet, their utility compared to established supervised methods in this
context remains unclear. Unlike supervised methods, LLMs can also generate explanations
or articulate their reasoning, and multiple non-deterministic model runs can be used to
assess uncertainty. These outputs provide a unique window into judgments that require
high inference decisions and could essentially serve as a scalable analogue to think-aloud
protocols, as their introspective capability could help determine whether a coding scheme
invites divergent interpretations and identify where these occur, having the potential to
improve the coding process itself.

The second aim of this study is therefore to explore how LLMs can enrich this coding
process by making the reasoning underlying such high-inference decisions visible and
diagnosable at scale. To this end, we conceptualise LLMs as cognitive proxies, whose
outputs could serve a functional, diagnostic role that is analogous to think-aloud protocols.
Specifically, we assess how well LLM judgments align with human raters through
established agreement metrics, examine how variation across multiple model runs can
signal ambiguous cases, and analyse the accompanying explanations and reasoning traces
to understand how the models navigate the coding scheme. Finally, we apply our LLM-
based approach of identifying cognitive engagement in informal settings to large-scale data
of forum discussions to assess what types of cognitive engagement emerge and how they

vary across platforms. We thus target the following research questions:

RQ1: Can we apply the ICAP coding scheme by Wang et al. (2016) to identify different
levels of cognitive engagement within open discussion forums of informal learning

communities?
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RQ2: To what extent do LLM judgments, guided by prompts derived from the coding
scheme, align with those of human raters, and what do the accompanying reasoning traces

and variations reveal about the nature of high-inference coding decisions?

RQ3: In how far does large-scale analysis of cognitive engagement in forum discussions

allow us to characterise differences in expressed engagement behaviour across platforms?

Background and related work

Learning through discussions in formal and informal settings

Social constructivism emphasises that learning is fundamentally a social process, where
individuals learn through interactions with others (Vygotsky, 1978). In online discussion
forums, this means that the asynchronous interactions of users serve as a “vehicle for co-
creation of knowledge” (Gunawardena et al., 1997, p. 412). This makes them particularly
suitable for the analysis of learning processes. Studies in the field of Computer-Supported
Collaborative Learning (CSCL) have typically studied these interactions in formal
educational contexts such as blended learning courses or MOOC:s, in which participation
can be explicitly linked to predefined learning outcomes like course completion, grades, or
assessments (Joksimovi¢ et al., 2018). For example, Tseng et al. (2016) found forum
participants in MOOC:s significantly more likely to complete courses successfully, while
Houston et al. (2017) reported a direct association between forum interaction frequency
and final course grades.

In contrast to that, informal learning settings such as CS projects and online knowledge-
exchange communities like Reddit lack pre-defined learning goals and options for explicit
assessments, which makes it challenging to apply traditional outcome-based evaluation
methods. Still, discussions in these contexts also appear to facilitate learning, although
related research remains sparse (Aristeidou & Herodotou, 2020; Hudgins et al., 2020). For
example, Kloetzer et al. (2013) found that volunteers in online CS projects gained a range
of learning outcomes (e.g., on-topic knowledge, scientific literacy), specifically through
incidental learning processes triggered by peer interactions in the forum. Similarly, Rohden
et al. (2019) highlighted the integral role of forum discussions for collaborative knowledge
construction in CS, although without explicitly measuring associated learning outcomes.
Online communities such as Reddit have also been recognised as environments fostering
informal learning, as highly engaged users participate actively through questioning, content
creation, and community-building activities (Hudgins et al., 2020).

However, quantitative approaches that study forum interactions alone often fail to capture
the nuanced processes involved in such knowledge co-construction, rendering its

relationship with learning somewhat opaque. Consequently, a qualitative analysis of forum
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messages is needed as it provides essential insights into the collaborative nature of learning,
particularly for informal settings where explicit learning outcomes are absent. Early models
by Gunawardena et al. (1997) provide foundational tools for manually identifying phases
of knowledge co-creation in forums, from initial idea-sharing to the synthesis of new
meaning, and allow for tracing the evolution of a discussion and determining if higher-
order cognitive processes have occurred (see Schellens & Valcke, 2005). Weinberger and
Fischer (2006) introduced a multidimensional model, considering the participation,
epistemic, argumentative, and social dimensions, effectively capturing different facets of
online discourse. While originally developed for formal educational contexts, such
frameworks remain valuable when adapted to informal settings. Kumar et al. (2018), for
example, successfully used qualitative content analysis of discussions in Reddit
communities (e.g., r/askscience), categorising exploratory learning dialogue into

explanation, socialising, information exchange, and forum-specific interactions.

Cognitive engagement and ICAP

In this work, we focus on the cognitive engagement displayed in forum discussions, as it
allows us to associate overt behaviours such as written forum messages with underlying
knowledge-change processes and learning (Galikyan et al., 2021; Wang et al., 2016). The
ICAP framework by Chi and Wylie (2014) provides a structured way to analyse varying
depths of cognitive engagement. In its original conceptualisation, ICAP assumes that
passive learning activities such as watching a lecture lead to less learning than, for example,
actively taking notes. The framework distinguishes four levels of learning, passive (P),
active (A), constructive (C) and interactive (I). The ensuing hierarchy (I > C > A > P)
further postulates that as learners engage more deeply with the content to be learned (i.e.,
engage in higher levels), their learning increases. The greatest level of learning is then
achieved as they dialogue and interact with other students to collaboratively construct
knowledge (i.e., interactive). Following this notion, cognitive engagement can also be
assessed by examining the discussion behaviour of forum users itself, i.e., their written
messages. Galikyan et al. (2021) examined this for discussion forums in MOOCs, showing
that students who demonstrated higher levels of cognitive engagement achieve better
course performance, while those with lower levels of engagement tended to perform worse.
Coding schemes for ICAP were also used in other studies that examined student behaviour
and roles in discussions (Liu et al., 2022; Rakovi¢ et al., 2020; Sharma et al., 2024; Wang
et al., 2016).

This study builds on the work by Wang et al. (2016), who used the ICAP framework to
develop a coding manual to identify cognitive engagement in forum discussions of MOOC:s.
The authors used the distinct levels of cognitive engagement according to ICAP and

omitted the passive category, as it is not applicable in an already active forum context, and
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introduced off-topic as a category to discern course-related from unrelated discourse, which
was shown to be a relevant distinction (cf. Weinberger & Fischer, 2006). They also further
refined the active and constructive category for a more granular view on the level of
cognitive engagement, demonstrating a high reliability for their coding manual. In their
analysis, they found that students who displayed higher-order thinking behaviour (i.e.,
having contributed interactive/constructive posts) learned more by engaging more deeply
with course materials than those who only showed general attention and engagement (i.e.,
having contributed active posts), which in turn learned more than those who only
contributed off-topic posts, supporting the proposed rank order by ICAP (Chi & Wylie,
2014). In their study, learning was operationalised through a formal post-test score, which
is not applicable in informal contexts. Still, their validation of the ICAP hypothesis further
supports the use of cognitive engagement as a relevant indicator for learning processes in
forum discussions, particularly for contexts where direct assessment of learning is not
possible. However, its application to these contexts warrants a careful consideration of
what constitutes task-related discourse and how to operationalise the respective ICAP

levels.

Automated techniques for coding discussion data

Qualitative analysis of discussions in large online communities is often paired with
automated analysis techniques such as NLP, and many coding schemes themselves are
usually crafted for subsequent automatic application (see, e.g., Kumar et al., 2018; Wang
et al., 2016). A recent meta review by Ferreira Mello et al. (2024) showed that discussion
data is among the most commonly used textual resources in the field of learning analytics,
with many studies employing machine learning approaches like Random Forest classifiers
or more advanced language models like BERT (Bidirectional Encoder Representations
from Transformers, Devlin et al., 2019). Typically, human annotations are used to create a
training data set that contains the human-coded labels as the target variable with input
features extracted from specific dictionaries or tools such as CoH-Metrix or Linguistic
Inquiry and Word Count (LIWC) (see Ferreira Mello et al., 2024). In a process called
supervised learning, the classifier is then trained on a subset of this human-labelled data,
and its performance is assessed against a held-out test subset, typically by comparing the
predictions with the human labels through cross-validated metrics such as accuracy,
precision/recall, Fl-score or quadratic weighted Cohen’s Kappa (QWK) to ensure the
model’s reliability. Typically, the exact rationale behind these predictions remains unclear,
as it results from learned weights optimised through training algorithms that are aimed at
minimising prediction error. In the case of ICAP, multiple automatic coding approaches
exist in the literature, e.g., Liu et al. (2022) who automatically classified cognitive

engagement based on the ICAP framework among emotional engagement using the BERT
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model. To achieve a reasonable accuracy however, researchers need to acquire sufficient
training data, which often means extensive human-coding efforts that need to be cross-
validated and revised over several iterations, costing time and resources. The time and
resources that are needed often scale with the complexity of the coding task, meaning that
the application of high-inference coding schemes like the [CAP-based scheme by Wang et
al. (2016) would require significant human coding effort. As a result, many resort to the
adoption of microwork platforms that address these constraints by offering human labour
as a scalable computational resource (Irani, 2015).

In contrast to this, LLMs have already been instruction-tuned with human feedback and
do not necessarily need task-specific training, as they can generalise to unseen tasks by
simply being instructed through detailed prompts and examples (few-shot prompting). Due
to their generative nature, the models can also be instructed to provide explanations
associated with generated solutions that can mitigate the “black-box” issue of conventional
machine learning models. Recent models also externalise their reasoning process, which
additionally allows for studying these answers from a cognitive psychology perspective
(Besta et al., 2025; Binz & Schulz, 2023). Because of their ease-of-use, LLMs have been
broadly adopted as coders across many disciplines, e.g., for the identification of political
ideology in tweets or for the development of inductive qualitative codebooks (Barany et
al., 2024; Heseltine & Clemm von Hohenberg, 2024). In the field of CSCL, Bosch et al.
(2024) demonstrated that LLMs can code help-seeking behaviour in forum posts, with
judgments that mirror those of human annotators.

Despite their appeal, recent work urges caution and emphasises the need for systematic
evaluations of LLM applicability (Misiejuk et al., 2025). Critical questions remain
regarding the practical trade-offs between large, general-purpose LLMs, which can be
computationally expensive, and smaller, fine-tuned encoder-based language models or
conventional machine learning approaches. As such, work in this area still needs to explore
how reliable LLM judgments for a qualitative coding task are, and how their unique
capabilities like generating explanations and multiple judgments can help mitigate

prevalent issues and offer new possibilities to optimise the classification workflow.

Method

To tackle our research questions, we apply and systematically evaluate a coding scheme
for cognitive engagement based on ICAP by applying it to forum discussions of three
informal learning communities, assessing the agreement between two independent human
raters (RQ1). We then develop prompts for LLMs with detailed instructions that
incorporate this coding scheme, assessing the agreement between three state-of-the-art
LLMs and the two human raters. Specifically, we study both human-human and human-

model agreement, making use of the advantages of LLMs like uncertainty estimation,
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generation of reasoning traces, and explanations (RQ2). Finally, we apply our approach to
large-scale discussion data of the three communities, analysing how the ICAP categories

based on our coding scheme are reflected in real-world data and whether differences exist

(RQ3).

Coding scheme and prompt

We adapted the coding scheme by Wang et al. (2016) that was originally developed for
MOOC:s to informal learning settings. Our scheme retains the original six ICAP categories,
including the Off-fopic category, and we define on-task discourse as posts that are related
to the content of the specific citizen science project or subreddit. Distinguishing on- from
off-topic posts is particularly challenging in informal settings, whose scope is broader than
that of most MOOCs. However, we generally found that in our examined forums the
distinction works quite well, as most off-task discourse relates to technical difficulties or
is otherwise easily identifiable (e.g., personal questions). Accordingly, we also consider
posts to be Constructive (Idea) if they introduce new content or ideas that go beyond the
current discussion rather than beyond the scope of the project/subreddit, which is often

difficult to define in informal settings. The coding scheme can be seen in Table 1.
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ICAP coding scheme adapted from Wang et al. (2016) and based on Chi & Wylie (2014)

ICAP label Explanation Example

Off-topic Comment lacks thematic relevance and is  Hello from Arkansas!
irrelevant to the scientific content or
discussion of the project/subreddit

Active General engagement with the content of | am starting a new

(Attention/Engagement)
Active

(Paraphrase/Repeat)

Constructive (Idea)

Constructive
(Elaboration/Reasoning)

Interactive

the project/subreddit, without specific
paraphrasing or repetition

Engagement with project/subreddit
content through paraphrasing, repeating
or indicating active interaction with the
content

Introducing a new idea or content that
goes beyond the current discussion (e.g.,
referencing external resources) or using
technical terms or hashtags when the
comment is the thread starter

Elaborating on a point, explaining a
phenomenon, or establishing a
cause/effect relationship by comparing
two conditions

The comment is embedded in an
interaction thread, directed at a
conversational partner and is
constructive, involving elaboration,
building on ideas, or challenging the
partners ideas

search for planets now,
wish me luck...

Looks like a great great
candidate, needs a
closer look. Beautiful!

Likely RR Lyrae variable
star, and the
inconsistencies could be
due to the Blazhko
effect.

#goodtransit. The
#transiting is visible in
all data segments, the
dip is U-shaped with a
flat bottom, and the
star's metrics confirm
it's not an eclipsing
binary.

While you're right that
many artifacts are not
periodic, some, like
momentum dumps, can
be. For this star, the
signal's period of 2.7
days is very close to a
known instrumental
frequency.

Based on the coding scheme, we developed a prompt template through iterative refinement

(see Supplementary Material 2 for the full template, development process, and prompt

sensitivity analysis). The final prompt uses few-shot in-context prompting, providing the

model with category definitions, two labelled examples per ICAP level and a sequential

decision tree. Key design decisions across iterations included the introduction of the

decision tree as well as the provision of context-specific examples. In the prompt, the model

is instructed to qualitatively code a comment regarding its cognitive engagement and

provide an explanation for its choice. In addition to the target comment, we also included

its immediate thread context, similar to Wang et al. (2016), which is the thread starter and

previous comment. This allows for a more appropriate assessment of the discussion and
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can be seen in Fig. 1. Each prompt further includes the specific project/subreddit context
with a short description, as well as context-specific examples. This is followed by a
decision tree for the coding scheme adapted from Wang et al. (2016), which we ask the
model to systematically follow. The post-hoc sensitivity analysis reported in
Supplementary Material 2 confirmed that the classification performance is robust to
variations in element ordering and that both rules and examples are necessary for achieving
the reported agreement levels.

On average, the final prompts (including the target comment with context) contained
1453.28 (SD = 198.21) words or 2207.20 (SD = 323.32) tokens, respectively. The full
prompts can be found in Supplementary Material 2 and on GitHub'.

Figure 1
a) discussion thread with target comment and context that goes into the prompt. b) the final prompt

including the ICAP coding scheme and project/subreddit-specific information and examples.

You are an expert Al assistant specializing in classifying text comments from
online citizen science project discussion forums, where users discuss and
analyze data from NASA's Kepler space telescope to identify potential
exoplanets by looking for dips in a star's brightness caused by a planet's
transit. Your task is to classify the Target Comment using the ICAP framework
categories below.

“CONTEXT:**

Thread Starter (@userA): Last night | stumbled across two candidate
multi-planet systems that don't make much sense (...)

Previous Comment (@userC): That's a possible blended eclipsing binary ()
Target Comment (@userD): was it Carl Sagan who said that every newspaper

has got a daily astrology column but no newspaper has a weekly (...)

Last night | stumbled across two candidate
multi-planet systems that don't make much - I
@userA  sense. First is EPIC 249701280 (...)

Target comment and
immediate context

*“*CLASSIFICATION RULES (apply in order):**
1. Off-topic: If a comment lacks content relevance and is irrelevant to the

1 second that! Id love to hear more project's scientific content or discussion, label it as Off-topic.
insights. 2. Active: If the comment is on-topic, check if it involves paraphrasing, becison tree
b cisi

repeating, or using hashtags or technical terms
@EsSE G g J adapted from

Wang et al. (2016)
Use this guide to systematically evaluate and label each comment based on

the observed cognitive engagement, explaining your answer. Consider the

following examples for reference:

. That's a possible blended eclipsing binary
+ planetary system. Main star has a 12.5 ~*CATEGORY EXAMPLES:**

@userC  mag companion separated by ~4" based |~ (7Te% Comment ++0. Off-topic™*

on Gaia DR2 data. Example 1: Thread: (@userA): What do we think of the signal at Day 86.5 for
KIC 84628522 — Previous: (@userB): It doesn't look periodic, probably just
noise. — Target: (@userC): Hi from Arkansas!
Label: Off-topic (This comment is a social greeting and is not related to the
e project's scientific tasks or the ongoing discussion about a specific exoplanet

‘ candidate.)
newspaper has got a daly astrology |, | (Targer Comment o)
@userD  column but no newspaper has a weekly :

column on astronomy?

**OUTPUT FORMAT:**
“json
{
"label": "EXACT_LABEL_NAME", Desired
"explanation”: "Brief reasoning: why this label fits and others don't" output format
a) b)

Sample and agreement metrics

We used forum posts from the “Talk” page of the Exoplanet Explorers and Galaxy Zoo
citizen science projects hosted on Zooniverse? and from r/askastronomy on Reddit. In both
cases, users discuss and solve astronomy-related questions and problems. The comments
were obtained through an API. Deleted or removed posts were excluded. No further
filtering for bots, spam, or low-content posts was applied, as such posts are captured by the

Off-topic category of our coding scheme. For each post, we also have information on its

! github.com/krukowski-lab/RPTEL-2026-CogEng-LLMs

2 zooniverse.org
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author, the original thread it was posted to, and whether it is a reply. As context, we
consider the previous/parent comment and the thread starter, if applicable. For Reddit, we
considered comments until a depth of two sub-comments to the original submission. We
followed the approach by Wang et al. (2016) for the provision of the previous comment
and thread starter as context, as we are primarily interested in the cognitive engagement
shown in the respective forum posts, and considering the whole discussion thread would
be (computationally) infeasible.

For the human coding, we instructed two human raters with a comprehensive coding
manual (see Supplementary Material 1) to code the dataset. For each target post, raters
were provided with the thread starter and previous/parent comment as context. After an
initial small sample where the raters could ask questions in case of ambiguities, they
independently coded the dataset. In total, we sampled a random subset of 50,000 comments
per forum. To obtain an equal distribution of ICAP categories, we applied purposive quota
sampling, where Rater 1 was provided with a random subset of the 50,000 comments per
forum and selected a total sample of 346 comments, yielding a roughly balanced
distribution across categories and forums, which was then given to Rater 2 for coding. This
balanced sampling was a deliberate design choice to ensure adequate representation of all
ICAP categories for instrument evaluation, as low-prevalence categories would otherwise
preclude meaningful per-category assessment. The final sample consists of 112 comments
for Exoplanet Explorers, 114 for Galaxy Zoo and 112 for r/askastronomy. After removing
8 comments due to missing labels, the final sample consists of 338 comments, with 28.86
(SD = 65.60) words on average. The human ratings were made before any automatic
labelling and are not part of the experiment.

To assess agreement among the independent human ratings, we used quadratic weighted
Cohen’s Kappa (QWK), see Fleiss & Cohen (1973). The weighted measure is particularly
well-suited to assess agreement regarding an ordinal scale, which aligns well with the
hierarchical nature of the ICAP categories (Chi & Wylie, 2014; Wang et al., 2016) and
emphasises the severity of misclassifications by assigning greater penalties to larger
disagreements. For example, a disagreement between Off-topic and Interactive is weighed
more negatively than one between Off-fopic and Active (Attention/Engagement). For the
calculation, we treated all categories of our scale as distinct levels, including the two Active
and Constructive categories, respectively. Additionally, we report ordinal Krippendorff's
Alpha as a complementary metric.

We further obtained a sample for the large-scale analysis of forum posts, stemming from
a full calendar year of forum discussions. After excluding deleted or removed posts (N =
1,156), this sample consists of 36,697 comments, with 13,394 from Galaxy Zoo (year =
2021), 11,903 from Exoplanet Explorers (year = 2018) and 11,400 from r/askastronomy
(year =2021).
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Models and experiment

After initial tests with smaller models (Llama3.1-8B, Gemma3-4B) that led to
unsatisfactory performance (e.g., QWK = .49 [.39, .58] for Llama3.1-8B and QWK = .20
[.09, .32] for Gemma3-4B with Rater 1), we selected three larger state-of-the-art models,
two of which are capable of externalising their reasoning process (see Besta et al., 2025).
We thus chose the Owen/OwQ-32B, deepseek-ai/DeepSeek-RI1-Distill-Llama-70B, and
meta-llama/Llama-3.3-70B-Instruct models. For performance reasons, we used an API
provider® to run the models. All models were accessed via this API between June and
August 2025 using Python and the OpenAl library with automatic retry logic (up to 5
attempts with exponential backoff) for rate-limit and connection errors. Full retrieval
scripts and configuration details are provided in our GitHub repository. Our model choice
is certainly not exhaustive, and this work is not intended as a comprehensive comparison
between the models, but rather as an applicability test for the use of LLMs for our task, for
which we also want to provide a comparison between different models.

To provide a proof-of-concept supervised baseline, we fine-tuned BERT (bert-base-
uncased), a widely used transformer-based classification model, on the human-coded
dataset, training one model per rater (N = 338 examples each), as labels were not
adjudicated between raters. We used 5-fold stratified cross-validation with inverse-
frequency class weighting and early stopping. To mirror the context provided to the LLMs,
each input comprised the target comment, its thread context (thread starter and previous
comment), and a short project description, concatenated with special delimiter tokens. The
full training configuration and hyperparameters are available in the linked GitHub
repository.

For the experiment, we generated responses with each model using Python and the default
parameters proposed by their developers on Huggingface* (e.g., temperature = 0.6, top_p
=0.95 for QwQ-32B). The temperature parameter controls the level of randomness of the
output (i.e., lower values produce more deterministic outputs, while higher values promote
more creative outputs), fop_p limits the model’s word choices to the most likely options
whose combined probability adds up to p, helping balance diversity and coherence in the
output. We made sure that model answers allow for the extraction of the label and
explanation by instructing it to generate both in JSON format and additionally enforcing a
pydantic model validator. We generated five judgments per comment and used a majority
vote paradigm to decide on the final label, as aggregating multiple stochastic outputs
reduces the influence of individual sampling variability on the final classification. Five

judgments were chosen as they are an odd number ensuring a clear majority while

3 deepinfra.com
4 huggingface.co
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balancing reliability against computational cost. If no majority was achieved, we generated
more answers until a majority was achieved. This occurred for 13 comments, with a
maximum of 2 additional tries (1.31 times on average, SD = 0.48). For the human-coded
dataset (N =338), a total of 13,558,851 tokens were processed via the DeeplInfra API, with
QwQ-32B consuming the most tokens (5,197,239), followed by DeepSeek-R1-Distill-
Llama-70B (4,427,666) and Llama-3.3-70B-Instruct (3,933,946), reflecting the longer
reasoning traces produced by the two reasoning-capable models.

The majority-vote approach helps to ensure relevant answers and additionally allows for
the calculation of a single comment-based uncertainty measure. Malzahn et al. (2023)
compared several categorical disagreement measures and showed that pairwise-
disagreement-based approaches are largely equivalent to established measures such as the
Dispersion Index and Fleiss’ Kappa, differing only in normalisation. Following this
pairwise logic, we mapped each ICAP category to numeric values (e.g., 0 for Off-topic, 1
for Active (Attention/Engagement) etc.) and calculated the average of squared differences
between all pairs of the five judgments. Unlike purely nominal measures, this captures the
magnitude of disagreement between categories, which is meaningful given the ordinal
structure of the ICAP framework. After normalising by the maximum possible squared
disagreement, this value ranges from 0 (no uncertainty) to 1 (total uncertainty). We refer
to this measure as model uncertainty, as it depicts the extent of variation in the individual
model judgments. Finally, we saved the majority label and explanation for each of the five

individual judgments.

Results

Applicability of coding scheme

To approach RQ1, we assessed how the two human raters agreed with each other on the
coding task. For our human-rated sample, QWK between the two human raters was .73,
with 95% CI [.65, .82], indicating a “substantial” agreement beyond chance (Landis &
Koch, 1977). All reported Kappa values were statistically significant with p < .001.
Krippendorff's a of .75 [.67, .83] further supports this finding. In Fig. 2, we can see the
confusion matrix between the two human raters. Although we can observe some
disagreements, they primarily affect adjacent categories, constituting 75% of all
disagreements, which explains the high QWK despite some variation in labelling. In
particular, the most prevalent type of disagreement affected the Active (Paraphrase/Repeat)
and the Constructive (Idea) categories, which can likely be attributed to the high-inference
nature of the coding scheme, e.g., difficulties regarding what constitutes discourse that goes
beyond the current discussion, as the raters were only provided with the immediate context

of the target comment, similar to Wang et al. (2016).
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Apart from these disagreements, we can generally observe that the raters agree on the
given categories, and that deviations regarding categories further apart on the ICAP scale
rarely occurred, as indicated by the high QWK value. This is particularly relevant
considering the ordinal nature of the coding scheme, where we want to avoid larger
deviations (e.g., rating Interactive discourse as Off-topic). Considering this, the scheme

appears to be applicable in our context (RQ1).

Figure 2

Confusion matrix between our human raters on the adapted ICAP coding scheme
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LLMs as raters

To address RQ2, we systematically evaluated the three selected LLMs against the human-
coded data to assess human-model agreement and investigate the specific strengths and
weaknesses of using LLMs for this high-inference coding task, comparing them with the

BERT baseline.

Quantifying agreement

We started by descriptively comparing the distribution of ICAP categories across our raters
(see Fig. 3). Visually, it appears to be comparable across all raters, particularly between
the human raters, with the biggest deviation regarding the Active (Paraphrase/Repeat)
category. We also observed larger differences between the human and LLM label
distributions, with a general tendency towards more comments being rated as Constructive
(Elaboration/Reasoning) and less being rated as Off-topic. The largest differences were
observed between the BERT baseline and the other raters, particularly for the Off-fopic and
Interactive categories. A Chi-square test of independence showed that the distribution of

labels significantly differed between all raters, with ¥ (30) = 166.08, p < .001, Cramér's V
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= .11, although practically negligible. Next, we measured the actual agreement between
raters using the described agreement measures QWK and Krippendorff’s a. This can be

seen in Table 2.

Figure 3

Relative distribution of labels among human and model raters
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As expected, the human-model agreement was generally lower than human-human
agreement, with most values > .60, which, however, can still be classified as “substantial”.
The baseline comparison with BERT showed less agreement, ranging from .28 to .36. This
is likely attributable in part to the limited size of the training set which constrains the
capacity of supervised models to learn reliable decision boundaries, particularly for a six-
category classification task. As such, the BERT baseline achieved only a fair level of
agreement under these data-constrained conditions. Further, the confidence intervals of the
agreement values for the LLMs overlapped with those of the human-human agreement,
suggesting that while the value itself is lower, we cannot conclude a significant difference
between them, meaning that human-LLM agreement approaches human-human agreement.

Due to insufficient performance, we did not use the BERT classifier for further analyses.



Krukowski et al. Research and Practice in Technology Enhanced Learning (2027) 22:34 Page 16 of 28

Table 2

Inter-rater agreement (QWK and Krippendorff’'s a) between the human raters and models

DeepSeek-R1-

Rater QwQ-32B Distill Llama3.3 BERT (baseline)
Measure
Rater 1 QWK .64 [.54,.73] 61[.51,.71] .60 [.50,.69] 33[.20,.45]
a 66 [.56,.75] 62[.52,.72] .60 [.50,.70] 36 [.22,.48]
Rater 2 QWK .60 [.50,.71] .61 [.51,.70] .57 [.46,.68] .28 [.16,.39]
a .62 [.51,.71] .61 [.51,.70] .57 [.46,.67] .31 [.18,.44]

Note: The BERT values reflect matched comparisons, each model being trained on and evaluated
against the respective rater’s labels

We further assessed the agreement by examining the confusion matrix for LLM and human
ratings, which can be seen in Fig. 4 for the QwQ-32B model. The diagonal values show
the counts of agreements for each category, all other values show the counts of
disagreements and their respective direction (e.g., in 11 cases, Rater 1 assigned Interactive,

while the model assigned Constructive (Elaboration/Reasoning).

Figure 4
Confusion matrix of ICAP category classifications for QwQ-32B and the human raters
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Human judgment

Active (Attention/Engagement)

Model judgment

The matrix confirms the earlier finding regarding the inter-human agreement, showing that
most human-model disagreements also reflect single-level deviations, explaining the
higher QWK value despite certain disagreements. Particularly striking are the
disagreements regarding Off-topic and Active (Attention/Engagement), where the LLM
assigned the latter category, while the human raters assigned Off-fopic. Similarly, there are
many cases where the humans rated Constructive (Idea), while the model assigned Active
(Paraphrase/Repeat). This indicates that while the deviations occurred regarding adjacent
categories, they were not within the same broader ICAP category in the original
conceptualisation (e.g., Active), but rather between adjacent but distinct categories,

mirroring human-human disagreements. Overall, we see less disagreements towards the
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lower end of the ICAP spectrum, e.g., cases when the human raters assigned Inferactive,
while the LLM assigned Off-topic, indicating less tendency towards “false positives” of
cognitive engagement.

As described above, we used the individual model judgments to calculate a per comment
measure for model uncertainty of the LLMs. Across all models, this uncertainty measure
was generally small (M = .02, SD = .06), meaning that the models showed little variation
in their individual judgments. It slightly differed between the models, as determined by a
Friedman test with Chi?= 147.67, p < .001, W = .22: For DeepSeek-R1-Distill, it was
highest on average with .04 (SD = .08), for QwQ-32B it is .02 (SD = .05) and for Llama3.3,
there was almost no model uncertainty on average, with <.01 (SD = .04). Pairwise
comparisons using Bonferroni correction showed that the measure significantly differed
between each pair of models. To study how the measure relates to each type of
disagreement, we assessed its value in a confusion matrix for each model averaged across
both human raters, as can be seen in Fig. 5. For each cell (i.e., type of disagreement), we

thus calculated model uncertainty and constructed the matrix accordingly. As visible in the

Figure 5

Confusion matrices for each model showing the model uncertainty for each type of deviation
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diagonal of the matrix, variations in judgments (i.e., high model uncertainty) rarely
occurred for cases of human-model agreement and rather affected disagreements that are
farther apart, particularly for cases when the humans assigned lower ICAP categories such
as Off-topic or Active (Attention/Engagement), while the model went for higher ICAP
categories such as Interactive. Thus, such disagreements likely stem from ambivalent
comments that can be interpreted in multiple ways, triggering differences in model
judgments that manifest in higher model uncertainty values.

We further assessed this by calculating the external disagreement with the human raters
for each comment, based on the same notion like above by using the squared difference

between model and human judgments (e.g., if Rater 1 assigned Off-topic and the model
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assigned Active (Attention/Engagement) for a comment, the external disagreement is (0 —
1)2/25 = .04). Using the average external disagreement, we can set it in relation to model
uncertainty to assess how it relates to disagreements with the humans. For this, we
calculated Spearman’s correlations, finding a moderate to small positive relationship across
all models with p = .22 (p < .001) for QwQ-32B, p = .23 (p < .001) for DeepSeek-R1-
Distill and p = .12 (p < .001) for Llama3.3. This finding supports the earlier notion that
when the individual judgments of the models vary to a greater extent (i.e., higher model
uncertainty), there is also a greater chance of disagreement with the human raters.

To this end, the behaviour of model uncertainty when the humans themselves disagree is
of particular interest, as it could indicate an inherent ambiguity regarding the respective
ICAP category of a comment. To assess this, we examined the model uncertainty for
comments on which the human raters agreed with each other vs. those where they disagreed.
The results only showed significant differences for the QwQ-32B model, with a model
uncertainty of .017 (SD = .046) for cases of human-human agreement and .031 (SD = .056)
for cases of human-human disagreement, as measured by a Mann-Whitney-U test (U =
14678.5, p=.008, r=14). As such, if the humans themselves disagree regarding a comment,
the QwQ-32B model also tended to do so. A similar picture emerges when calculating
Spearman’s correlation between model uncertainty and human-human disagreement (also
measured through a comment-based disagreement like above), which also showed a
significant correlation for the QwQ-32B model with p = .15, p = .005.

All of the above analyses offer relevant insights into the different dynamics of human-
human and human-model agreement, particularly with respect to how ambiguous
comments appear to evoke uncertainty in the LLMs which often results in disagreement
with the human raters, a pattern of variability in responses comparable to what we would
expect from human raters (RQ2). We further studied certain meaningful examples that
illustrate this behaviour on a case-based level, focussing on the QwQ-32B model, which

we will now describe.

Case-based qualitative analysis

A simple example for a comment on which both human raters and the LLM agreed on an
ICAP category 1is the comment “what?”, for which all agreed on Active
(Attention/Engagement). The comment did not evoke any model uncertainty, i.e., all five
judgments were the same. The LLM gives the following explanation: The comment 'What?'
is a brief, direct reaction seeking clarification on the parent comment's claim about the
'blue moon.' It shows attention to and engagement with the discussion's content without
paraphrasing, repeating, or introducing new ideas. It does not qualify as Constructive or

Interactive because it lacks elaboration, reasoning, or explicit references to others'
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arguments beyond a simple reply. In this example, the final label and given explanation
align well with the provided coding scheme.

For the comment “This has a slightly #irregular shape. I think the blue object (at 7 o'clock)
is not physically associated.”, the human coders disagreed between Constructive (ldea)
and Constructive (Elaboration/Reasoning). Here, the model assigned Constructive
(Elaboration/Reasoning), citing: “The comment is on-topic and provides reasoning to
explain why the blue object at 7 o'clock may not be physically associated with the galaxy.
The user introduces analysis (e.g., 'slightly #irregular shape') and causal reasoning (‘not
physically associated') to elaborate on the observation, fulfilling the criteria for
Constructive (Elaboration/Reasoning) (...).” In this example, the explanation by the LLM
reflects the coding scheme well. Another case in which the model agreed with only one of
the human raters is the comment: “Agree, #spiral faint outer arms more obvious in
DecALS”. The comment contains implicit references to another user, yet does not explicitly
introduce or elaborate on a new idea that goes beyond the current discussion (i.e., thread
starter: “#spiral? Very faint arms”). In this sense, it is slightly ambiguous. As such, Rater
1 assigned Active (Paraphrase/Repeat), while Rater 2 assigned Interactive. The model’s
final choice was also Interactive, based on three judgments for Interactive and two for
Active (Paraphrase/Repeat), resulting in an uncertainty of .22. In this example, the
different judgments of the model reflect the human ratings and inherent ambiguity quite
well. Interestingly, the explanation matches with the given label, so for the Interactive, the
model cites: “The comment builds on the thread starter's classification by agreeing and
elaborating that the faint outer arms are more visible in the DecALS image processing.
The use of 'Agree’ explicitly references the prior user's idea, while the mention of DecALS
provides reasoning, making it both constructive and interactive.” For the Active
(Paraphrase/Repeat) judgment, however, the model cites: “The comment paraphrases and
builds on the thread starter's observation by affirming the #spiral classification and adding
specificity (e.g., 'faint outer arms more obvious in DecALS"). It uses technical terminology
(DecALS) and a hashtag, aligning with the Active (Paraphrase/Repeat) category. While it
adds details, it does not introduce new ideas or causal reasoning beyond elaborating on
the existing classification.” The two explanations help to understand the “rationale” behind
the respective LLM choice and exemplify well how each explanation itself is consistent
with the coding scheme yet weighs the reference to the other user differently.

There are, of course, examples in which the LLM diverged from human consensus: “Well
i have pictures ive taken. If its clear tonight ill shoot it when its above horizon and when
sets which has been consistent all summer... Which makes no sense which is why im asking”,
a comment made in r/askastronomy for example. Both raters agreed on Active
(Attention/Engagement), as it shows general engagement with the content of the subreddit.

Although it contains an idea ( “makes no sense”) it does not elaborate on it and rather shows
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mere engagement with the content (“which is why I'm asking”). It also contains implicit
references to another user but does not build or elaborate on them. The model uncertainty
for this comment is .24, and the different judgments contain 3x Inferactive, 1x Constructive
(Elaboration/Reasoning) and 1x Active (Attention/Engagement), all with self-consistent
explanations. Particularly helpful is the output of the “reasoning process” which the model
provides, e.g., for the Interactive label: [...] Looking at Active (Attention/Engagement), this
might fit because they're engaging by indicating they'll take action (shooting photos) and
seeking to resolve their confusion. But the user is also explaining their reasoning: the
consistency doesn't make sense, hence the question. That reasoning part might push it into
Constructive (Elaboration/Reasoning). However, the user is replying to a previous
comment, so maybe it's Interactive? Wait, the Interactive category requires the comment
to be both Constructive and reference another user. The user is replying to another user,
so there's a reference. The comment explains their plan to take more photos (action) and
the inconsistency they observe, which is elaboration. So they're building on the previous
discussion by adding their own observations and intent to get more data. So, since they're
referencing another user and adding their own reasoning (the inconsistency makes no
sense, hence asking), this could be Interactive. [...]”

This reasoning process exemplifies how the LLM followed the coding scheme yet falsely
interpreted the comment to contain reasoning/elaboration and building on another one’s
idea, which led it to judge it as Interactive. It also shows that the human consensus label
was considered and even became one of the final judgments, thereby underlining the
ambiguity of certain comments in the face of a high-inference coding manual. It also shows
how the externalised reasoning traces can help identify such issues, fulfilling a diagnostic
role analogous to think-aloud protocols by making visible how the coding scheme is

navigated and where it invites divergent interpretations.

Application to large-scale data

For RQ3, we demonstrate the scalability of our approach by using the best-performing
model from our tests (QwQ-32B) to code all forum messages across one calendar year for
all our three selected forums (see Methods section). Such a large-scale study can act as a

first indicator for differences in cognitive engagement across forums. Initial tests reveal
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Figure 6
Large scale assessment of cognitive engagement over a calendar year for each forum based on our

coding scheme and using the QwQ-32B classifier
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that the forums differ in comment length: r/askastronomy comments were longest on
average (M = 64.45, SD = 87.28 words), followed by Galaxy Zoo (M =20.78, SD = 34.29)
and Exoplanet Explorers (M = 12.57, SD = 37.79). Most comments were top-level posts
rather than replies, particularly on Zooniverse (95.80% for Exoplanet Explorers, 81.77%
for Galaxy Zoo), while r/askastronomy had a higher share of replies (30.71%), though
nesting was capped at depth two (see Method section). We found that all ICAP categories
from our schema are reflected by the model ratings, with Active (Paraphrase/Repeat) being
the most prevalent category that represents 31.20% of all comments, while only 3.02%
were labelled as Off-fopic. In Fig. 6, we see the relative share of ICAP categories over time
for each of the analysed project forums. As can be seen, the distributions significantly differ
between the forums. For r/askastronomy, the categories are more evenly distributed, with
almost no comments being labelled as Active (Paraphrase/Repeat), while for the two
Zooniverse projects, Active (Paraphrase/Repeat) and Constructive (ldea) are the most
prevalent categories. A Chi-square test for independence confirms (x> (10) = 11,622, p
<.001, V'=.40) significant differences across the forums. These results exemplify different
profiles of knowledge exchange, with likely more task-oriented discourse in the CS forums,
as indicated by a higher share of comments labelled as Active (Paraphrase/Repeat) and
more Interactive and Constructive (Elaboration/Reasoning) discourse indicating a focus
on knowledge exchange in r/askastronomy. To rule out comment length as a confound, we
stratified by median word count and repeated the test with Bonferroni correction.
Significant differences persisted for both short (¥*(10) = 7,699, p <.001, V= .45) and long
comments (¥*(10) = 1,675, p <.001, V= .22). As a next step, we plan to aggregate these
data on a user level to assess longitudinal, individual learning trajectories by identifying

shifts in cognitive engagement over time, manifesting through an increase of comments
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with higher levels of cognitive engagement that can be used to approximate learning

processes.

Discussion

In our study, we aimed to approach the challenge of identifying cognitive engagement as a
learning-related indicator in forum discussions through qualitative coding. By applying the
ICAP-based coding scheme developed by Wang et al. (2016) to informal learning settings
such as Zooniverse and Reddit, we explored how we can identify differences in cognitive
engagement through the study of written text messages (RQ1). We further studied how
LLMs can be used to approach this task by comparing the judgments of multiple state-of-
the-art open-source LLMs with those of two independent human raters, critically exploring
their capabilities and limitations (RQ2) and applying them on large-scale data (RQ3).

Firstly, our results show that we can indeed identify different levels of cognitive
engagement in informal settings using our adapted high-inference coding scheme. Two
independent raters showed a “substantial” agreement with each other, and while it was still
below QWK = .80, if disagreements occurred, these were mostly single-level deviations
opposed to categories that are farther apart on the ICAP scale and can likely be attributed
to the high-inference nature of the coding scheme (RQ1)

Secondly (RQ2), our results show that elaborated, context-specific prompts
incorporating the coding scheme can be used to instruct LLMs to produce judgments that
align with those of human raters on a level that can be classified as “substantial” (Landis
& Koch, 1977). The reasoning model QwQ-32B showed the highest agreement with both
human raters, and overlapping confidence intervals suggest that human-model agreement
approaches human-human agreement levels. Notably, the fine-tuned BERT baseline
achieved only fair agreement, despite being trained directly on each rater’s labels. However,
this comparison should be interpreted cautiously, as the small sample likely disadvantages
supervised learning and the performance does not necessarily reflect what such models
could achieve with larger datasets.

More importantly, however, these results demonstrate the way LLMs can potentially
transform the coding process itself. Opposed to conventional classifiers who often lack
explainability, the non-determinism of LLMs can be leveraged to measure variation in
judgments, which signals uncertainty and was particularly evident for cases in which the
model finally disagreed with human consensus, e.g., regarding Interactive vs. lower ICAP
categories. For the QwQ-32B model, we found a small yet significant correlation between
model uncertainty and disagreement between the two human raters, indicating that
ambiguity in the comments regarding the ICAP category is reflected by both the human

raters and the model.
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Beyond measuring variation, the reasoning traces and explanations that LLMs generate

allow us to study the inference chains evoked by our coding scheme (Hagendorff et al.,
2024), which are similar to think-aloud protocols that we would expect to be given by
humans during the coding process. While it is subject of recent discussions around LLMs
whether these externalised inference chains indeed reflect any internal reasoning (Barez et
al., 2025), in our case, they provide the ability to match outcomes (i.e., ICAP labels) with
underlying rationales based on our provided coding scheme. Especially for high-inference
coding schemes like ours, this capability proves helpful, as it allows us to quickly identify
ambiguous cases, track faulty assumptions and identify misguided reasonings.
This is particularly exemplified by the qualitative analyses. While there are obvious cases
of divergent classifications where both human raters agreed but the LLM disagreed, we
also observed ambiguous cases where the human raters disagreed between two categories,
and the LLM assigned a category that could either resolve this conflict (typically when the
model is highly certain) or simply weighs certain aspects of the comment differently. The
latter particularly manifests in multiple different model judgments that reflect this
ambiguity and eventually produce a high model uncertainty. However, we also observed
instances where the LLMs misapplied the coding scheme and where their judgment is not
attributable to ambiguous comments that evoke a high uncertainty but rather to simple
misinterpretations of the comment where the model stuck too literally to the coding scheme
and did not extrapolate beyond that, indicating a lack for a “broader understanding” of the
coding task and underlining the required caution for their unsupervised usage (Misiejuk et
al., 2025). Importantly, for all these cases, the reasoning traces and explanations make the
rationale behind these faulty judgments diagnosable.

In this sense, LLMs can be understood as cognitive proxies, whose externalised decision
processes make visible which aspects of a comment and which decision points in the coding
scheme led to a given judgment, as well as where and why a coding scheme invites
divergent interpretations. While they do not replicate human cognition itself, LLMs can
serve the diagnostic role that think-aloud protocols would fulfil during the evaluation of
coding schemes. Specifically, this functional parallel is primarily informative when 1) the
coding scheme is sufficiently well-defined and embedded in the prompt, 2) a human-coded
reference sample exists for validation, and 3) the task involves high-inference decisions
where multiple interpretations are genuinely plausible. Importantly however, unlike human
think-alouds, which can be understood as imperfect but genuine windows into cognitive
processes, LLM reasoning traces are generated outputs whose relationship to internal
model computations remains debated, as mentioned above (Barez et al., 2025). As such,
conceptualising LLMs as simulation models of human cognition should be treated with

caution. Rather, they can act as tools whose outputs serve an equivalent diagnostic function,
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surfacing ambiguities that would otherwise require extensive human protocol analysis to
detect at a comparable scale.

Finally, our results also show that we can leverage the qualitative coding capabilities of
LLMs by scaling to large data sets, which allows us to aggregate measures for cognitive
engagement on a project or platform level (RQ3). Our analyses showed that all our
categories are reflected in real-world data, and that we can observe significant differences
between platforms and projects that reflect different types of knowledge exchange. While
the present analysis is descriptive in nature and focused on demonstrating the viability of
our approach at scale, a natural next step is to aggregate and analyse individual user
trajectories over time, identifying shifts in cognitive engagement that can serve as learning-
related indicators, consistent with the ICAP hypothesis which assumes that learning
increases as learners engage more deeply with the content and move towards higher levels
on the ICAP scale (Chi & Wylie, 2014). Such longitudinal modelling of individual learning
trajectories in informal settings is the subject of ongoing work.

From a practical standpoint, our LLM-based coding approach offers notable advantages
in terms of feasibility compared to conventional supervised pipelines such as BERT. These
typically require substantial upfront investment in human coding to produce sufficient
training data, which itself needs to be cross-validated and iteratively refined across multiple
rounds before a classifier can be trained and deployed. In contrast, our approach requires
only a small set of representative examples for prompt construction and can be applied
without task-specific training, substantially reducing the time and effort needed to move
from a coding scheme to large-scale application. While human coding remains necessary
to validate the quality of LLM judgments (Misiejuk et al., 2025), this evaluation sample is
considerably smaller than what supervised training demands. At the same time, LLM
inference produces per-token costs that scale with corpus size and prompt complexity (our
evaluation sample alone required, on average, four million tokens per model), which may
become a relevant factor for very large datasets. These trade-offs need to be weighed on a
case-by-case basis, additionally considering the diagnostic value that reasoning traces and
uncertainty estimates provide, which conventional classifiers do not offer.

Our results come, however, with limiting factors. Although we found that our applied
coding scheme proves to be applicable in informal settings with an agreement between the
two human raters that can be interpreted as substantial, there is dispute regarding
appropriate thresholds for what defines “good” agreement as measured through QWK,
particularly depending on factors such as the prevalence of agreements and the number of
categories (Doewes et al., 2023; Landis & Koch, 1977). As such, a higher value would
have been desirable and could likely be achieved by increasing the selectivity of bordering
ICAP categories or selecting a larger sample. Relatedly, as our evaluation sample was

balanced by design, reported agreement metrics may differ under natural category
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distributions, which future work could examine through prevalence-adjusted sensitivity
analyses. In addition, while we carefully constructed the prompts that incorporate this
coding scheme, they are the result of several iterations, and while we found that the order
of prompt elements does not significantly change performance, the inclusion or exclusion
of certain elements does have an influence. As such, it is conceivable that the prompts can
be further improved by including additional instructions.

Further, although we compared different state-of-the-art open-source LLMs, this
comparison is also by far not exhaustive, as there are many more models that could have
been included. At the same time, the development of LLMs is very fast paced, meaning
that results obtained with a specific model version may not be directly reproducible as
models are updated, though improvements in general capability suggest that performance
is more likely to improve than degrade. Our study thus rather serves as a proof-of-concept
of an approach that might only be further reinforced by newer models. While we
specifically used comments from two distinct platforms (Zooniverse & Reddit) that afford
opportunities for informal learning, there are more that could be used for such analyses,
including formal learning opportunities such as MOOC forums. However, this was out of

the scope for the current analysis.

Conclusion and outlook

Taken together, our results support the idea that cognitive engagement can be studied in
forum discussions of informal settings, and that LLMs can become powerful tools for
enriching this coding process. On a methodological level, we can conclude that while the
implementation of LLMs for qualitative coding might depend on the specific use case and
require careful consideration regarding label accuracy or computational cost, their potential
lies beyond a simple replacement of conventional classifiers or human raters, but rather in
their capacity to function as cognitive proxies that make high-inference decisions
transparent and diagnosable. Building on the notion of “creating new aides for human
understanding” (Wise & Schwarz, 2017, p. 441), LLMs could thus augment the research
process by serving as additional, explainable judges in the coding process. On the content
level, our results also show that we can identify different levels of cognitive engagement
in forum discussions of informal settings, which allows for a qualitative, in-depth analysis
of discussion behaviour and learning-related processes, especially when assessed at scale.
In future work, we aim to further refine and validate our approach, leveraging the unique
capabilities of LLMs not merely as substitutes for human raters but as valuable tools to
enrich qualitative analyses, optimise large-scale coding workflows, and systematically
study longitudinal shifts in cognitive engagement on the user level to uncover individual
progression within informal communities consistent with the ICAP hypothesis (Chi &
Wylie, 2014).
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