Using LLMs to Identify Indicators of
Persistence from Students’ Dialogues
with a Pedagogical Agent

Teresa M. Ober Shan Zhang

ETS University of Florida
Princeton, NJ, USA Gainesville, FL, USA
tober@ets.org zhangshan@ufl.edu
Diego Zapata-Rivera Noah L. Schroeder
ETS University of Florida
Princeton, NJ, USA Gainesville, FL, USA
dzapata@ets.org schroedern@ufl.edu

Anthony F. Botelho
University of Florida
Gainesville, FL, USA
abotelho@coe.ufl.edu

Conversational learning systems offer new opportunities to examine learning processes through chat log data.
Constructs such as persistence, self-efficacy, interest, perceived challenge, and prior knowledge are known
predictors of student performance but are challenging to detect at scale using traditional methods. This study
explores the use of Large Language Models (LLMs) to automatically code indicators of these constructs from
student chat logs collected through a conversation-based assessment (CBA) for middle school mathematics.
Indicators included observable behaviors such as students’ expressions of challenge, help-seeking, goal-set-
ting, and self-regulatory strategies evident in their conversational interactions within the CBA. We evaluated
multiple configurations of ChatGPT4o0, varying temperature settings (0, .3, .7, 1) and model types (mini vs.
regular), against human expert coders. The dataset comprised over 10,000 student turns collected from 107
middle school students classified as English learners as they interact with the CBA. Reliability was assessed
within and between LLM configurations and humans. Results reveal systematic patterns: constructs with
moderate theoretical coherence benefited from higher temperatures, while well-defined constructs required
deterministic settings. Self-efficacy showed the highest human-LLM alignment. These findings illustrate the
challenges of measuring complex psychological constructs and highlight the promise of human-LLM collab-
oration to enhance qualitative coding efficiency and validity in educational research. Supplemental materials
are available online here: https://doi.org/10.17605/0sf.i0/s85c¢ck.
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1. INTRODUCTION

When students engage with conversational learning systems, their chat exchanges create a dig-
ital trail of learning processes that can predict academic success (Zapata-Rivera & Forsyth,
2022). Critical psychological factors, including persistence, self-efficacy, interest, perceived
challenge, and prior knowledge, consistently emerge as powerful predictors of learning out-
comes (Nuutila et al., 2021; O’Reilly et al., 2019). Yet extracting these insights from student
conversations has traditionally required painstaking manual analysis that cannot keep pace with
today’s data-rich educational environments. While more traditional statistical and machine
learning approaches have been used to analyze natural language data in educational settings
(Botelho et al., 2023; Crossley et al., 2015; Dowell & Kovanovi¢, 2022), large language models
(LLMs) present a transformative opportunity to automatically detect these complex psycholog-
ical constructs within student dialogue, potentially unlocking real-time understanding of
learning processes at unprecedented scale. However, critical questions remain about how to har-
ness LLMs for reliable, valid, and consistent analysis of educational constructs (Liu et al., 2025).

Capturing authentic learning processes requires a delicate balance by gathering meaningful
data without disrupting the natural flow of learning. Conversation-based assessments (CBAs)
may strike this balance by transforming everyday student interactions into rich data sources
(Zapata-Rivera et al., 2015). Digital learning platforms such as CBAs provide rich trace data
that can reveal evidence of students’ persistence patterns and associated learning outcomes (see
Kai et al., 2018), where chat logs reveal genuine indicators of engagement and learning behav-
iors as they unfold (Zapata-Rivera et al., 2023). When LLMs can be used to systematically code
such naturally occurring conversations, researchers may gain a lens into the psychological dy-
namics that drive learning while preserving the authentic, unfiltered nature of student
expression. In the present study, we explore the potential for leveraging LLMs to extract indi-
cators of persistence and related constructs from factors from conversational data gathered from
a CBA. Despite the promise of using LLMs for capturing rich information from conversational
data, we lack systematic understanding of which psychological constructs are amenable to LLM
coding and under what configurations LLMs are able to do so, particularly for constructs with
varying theoretical clarity.

1.1. PERSISTENCE AS CENTRAL TO SELF-REGULATED LEARNING

Among the psychological constructs that emerge from student conversations, some play a more
central role than others in shaping students’ ongoing engagement (cf. Clark & Saxberg, 2018).
In particular, the capacity to remain engaged in learning, even when tasks are complex or feed-
back is ambiguous, is a critical component of academic success. This quality, often referred to
as persistence, serves as both a signal of current motivational state and a predictor of long-term
learning outcomes (Du et al., 2023). Understanding how persistence is reflected in student dia-
logue offers a meaningful entry point for studying the mechanisms of learning in action.

To situate this construct theoretically, we turn to the concept of self-regulated learning (SRL),
which positions persistence as a core process through which learners actively orchestrate their
cognition, motivation, and behavior to achieve academic goals (Zimmerman, 2002). Rather than
simply a product of learning, persistence represents the dynamic capacity to sustain effort and
remain engaged despite obstacles, embodying a learner’s ability to manage motivation and
maintain focus when confronted with difficulty, ambiguity, or failure (Skinner et al., 2020; Zim-
merman, 2002). From the perspective of SRL, when a student is faced with a challenging task,
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behaviors that emerge such as help-seeking (Karabenick & Gonida, 2017) or active problem
decomposition (Zimmerman & Moylan, 2009) may reflect a strategic form of adaptive persis-
tence in which a student is intentionally using available resources or knowledge to overcome a
challenge by making it more tractable.

The construct of persistence operates across multiple levels of educational experience. At
institutional and classroom levels, persistence manifests as continued academic participation
despite structural barriers or personal adversity (Stewart et al., 2015; Tinto, 2017). At the task
level, it emerges through sustained engagement in cognitively demanding activities and the de-
termination to continue working through challenges (Battle, 1965; Skinner & Pitzer, 2012;
Sparks et al., 2025). Students who demonstrate persistence consistently tend to outperform their
peers, showing greater gains in learning and more positive academic trajectories over time (Gi-
gnac et al., 2021; Jozsa et al., 2014; Meindl et al., 2019; Porter et al., 2020). This pattern extends
beyond academics, where sustained effort toward long-term goals also distinguishes high
achievers across competitive professional fields (Lechner et al., 2019). A learner who demon-
strates persistence not only monitors performance on a given task but also deploys motivational
resources, such as self-efficacy and interest, to remain engaged through difficulties (Bandura,
1977; Hidi & Reninger, 2011; Schunk, 1985). Persistence has been regarded as a multifaceted
construct shaped by personal dispositions, contextual conditions, and the characteristics of the
task at hand (Skinner & Pitzer, 2012).

Persistence emerges from the interplay between enduring individual characteristics and situ-
ational factors that can be strategically influenced. As an enduring quality, persistence may be
viewed as a relatively stable source of individual differences like conscientiousness. Students
who are naturally more organized, dependable, and goal-oriented demonstrate greater persever-
ance across learning contexts (Martin et al., 2013; Minbashian et al., 2010). Yet understanding
how persistence connects with malleable, situational factors proves crucial for educators seeking
to cultivate productive persistence habits, particularly when students encounter academic obsta-
cles. For example, situational or task-contingent persistence can be activated by characteristics
of the task or environment, such as intrinsic interest or perceived relevance (Sansone & Thoman,
2005). Research also shows that achievement goals and utility value interventions can enhance
students’ interest and persistence in specific academic settings (Harackiewicz et al., 2000;
Hulleman et al., 2010).

To inform potential interventions to support students’ persistence, we focus on it in relation
to constructs thought to be malleable or task-dependent. Previous research suggests that per-
sistence is closely influenced by several interrelated psychological constructs (Sparks et al.,
2025), notably self-efficacy, interest, perceived challenge, as well as prior knowledge, skills,
and attitudes (KSAs). Recent meta-analyses further highlight the importance of prior
knowledge in supporting persistence (Simonsmeier et al., 2022).

Self-efficacy, or the belief in one’s own ability to succeed in specific tasks, has been consist-
ently linked to higher levels of persistence (Bandura, 1977; Lent et al., 1984; Schunk, 1985).
Learners who perceive themselves as competent are more likely to take on challenging tasks,
expend greater effort, and rebound from setbacks with resilience (Lent et al., 1984; Schunk,
1985). Meta-analytic evidence supports the connections between self-efficacy and both aca-
demic persistence and achievement (Multon et al., 1991). At the same time, it is also important
to note that self-efficacy is situation dependent and even likely to vary over the course of task
completion (Bernacki et al., 2015).

As noted above, interest also plays a significant motivational role in persistence. Both situa-
tional interest, arising spontaneously from engaging or novel aspects of a task, and individual
interest, which reflects deeper, long-term personal value placed on a topic, have been shown to
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increase students’ willingness to persevere (Reninger & Hidi, 2011; Tulis & Fulmer, 2013).
Additional research suggests that interest mediates the relationship between motivation and per-
sistence, supporting academic success (Ainley et al., 2002; Krapp, 2002). When learners are
intellectually or emotionally invested in the content, they are more likely to maintain attention
and effort, even during complex or repetitive tasks.

In addition, perceptions of perceived challenge play a critical role; students are more likely
to persist when they perceive challenges as surmountable and aligned with their skill level (Ec-
cles & Wigfield, 2020; Wigfield & Eccles, 2000). The belief that one can overcome difficult
tasks is central to persistence and academic success (Bandura, 1977; Pintrich & De Groot, 1990).

Finally, the learners’ prior KSAs serve as critical cognitive resources that influence persis-
tence. Students who possess relevant background knowledge or more developed academic skills
are better able to comprehend and engage with difficult material (Simonsmeier et al., 2022;
Tobias, 1994). Studies have shown that prior knowledge influences learning approaches and
supports sustained engagement and goal pursuit (Dochy & Alexander, 1995).

1.2. TOWARD AUTOMATING THE MEASUREMENT OF PERSISTENCE

Given the importance of non-cognitive factors associated with learning, such as persistence and
related constructs, developing a methodology that can quickly and accurately identify such fac-
tors through varied data sources has great potential to provide insights into student learning, as
well as the development of personalized learning tools to support it. However, the measurement
of psychological constructs such as persistence and related constructs in educational contexts
represents a significant methodological challenge due to their inherent complexity (Sparks et
al., 2025). These constructs are dynamic, context-dependent phenomena that interact with envi-
ronmental features and emerge through subtle behavioral and linguistic expressions (Skinner et
al., 2020). Such constructs need to be clearly defined with information about what constitutes
evidence for them in ways that are based on existing theoretical and empirical research on as-
sessment. Automating the measurement of such constructs could be used in the design of
adaptive learning systems that respond to real-time fluctuations in learner states (Mellon et al.,
2024).

Traditional natural language processing (NLP) approaches have demonstrated efficacy in in-
ferring various learner states from textual data, including engagement, affect, and metacognition
(Zapata-Rivera & Forsyth, 2022). However, these approaches often required extensive manual
annotation and struggled with the nuanced, context-dependent nature of most psychological
constructs. In response to these limitations, recent advancements in the use of LLMs in qualita-
tive coding open new possibilities for identifying complex constructs at scale and offering the
potential to accelerate the annotation processes for open-ended student data, tasks that were
previously labor-intensive and subject to significant inter-rater variability.

While LLMs offer significant promise for qualitative coding in educational research, their
adoption introduces several methodological challenges that require systematic attention. Recent
reviews highlight both the opportunities and pitfalls of LLMs in educational contexts, empha-
sizing the need for careful methodological design (Kasneci et al., 2023). For example, Barany
et al. (2024) explored how ChatGPT can assist in qualitative codebook development in educa-
tion research, demonstrating that while LLMs can generate useful initial codes and suggest
conceptual relationships, human oversight remains critical to ensure conceptual clarity and con-
textual appropriateness. In this section, we identify three primary areas which warrant further
inquiry to improve the use of LLMs for qualitative analysis in educational research.

211 Journal of Educational Data Mining, Volume 18, No 1, 2026



First, certain constructs are inherently complex and context-dependent, requiring nuanced
interpretation that extends beyond simple pattern recognition. Traditional coding relies heavily
on human judgment to navigate ambiguous meanings and cultural contexts (Charmaz, 2006),
while LLMs may struggle with subtle contextual cues and implicit meanings that human coders
intuitively understand (Qiao et al., 2024; Ziems et al., 2023). For example, comparable to human
inter-rater reliability, some studies have revealed significant limitations when using LLM-based
approaches to coding more abstract concepts or culturally specific content (Kuzman & Ljubesi¢,
2025; Tornberg, 2025). Research by Dunivin (2025) found that ChatGPT-4 achieved at least
acceptable intercoder reliability (Cohen’s k > 0.6) for 8 of 9 socio-historical codes when using
chain-of-thought reasoning, while ChatGPT-3.5 performed poorly on the same tasks, highlight-
ing the importance of model selection for complex interpretive work.

Second, the non-deterministic and black-box nature of LLM-based coding approaches intro-
duces transparency and reproducibility concerns. Unlike traditional qualitative methods where
coding decisions can be traced and justified, LLM outputs often lack clear explanatory pathways
(Ober et al., 2026; Ouyang et al., 2024). This opacity challenges fundamental qualitative re-
search principles of transparency and methodological rigor.

Third, model selection and parameter tuning introduce additional variability that can signif-
icantly impact coding outcomes. Studies reveal substantial variability in LLM performance
across different prompting strategies and model configurations, with some approaches yielding
contradictory results even when applied to identical datasets (Anagnostidis & Bulian, 2024; Ra-
zavi et al., 2025). Prior studies have found that ChatGPT-4 achieved higher overall accuracy
than human coders when using certain techniques (e.g., chain-of-thought, assertion enhanced
few-shot learning), with particularly marked improvements in identifying nuanced categories
(McClure et al., 2024). Such analyses have revealed considerable differences in model output
based on prompting strategy, highlighting how prompting can determine coding outputs regard-
less of underlying model capabilities (Dunivin, 2025).

Model type may represent yet another critical factor, though its effects may be more nuanced
than commonly assumed. Furthermore, the interactive effects of model type and prompt strate-
gies are not well understood. While larger models generally produce more coherent and well-
articulated themes, there is a point of diminishing returns where mid-sized models combined
with sophisticated prompting may achieve results nearly comparable to the largest models but
with significantly lower computational cost. For example, Zhang et al. (2025) developed an
LLM-based framework to classify and correct students’ programming knowledge using a pre-
defined taxonomy, finding that mid-sized models with well-designed prompts achieved
performance close to larger models but with lower computational costs. In particular, LLM
prompts that make use of rubrics with clear definitions and examples for what should count as
evidence may support effective prompting engineering. Another study by Yoshida (2025) found
little difference in the accuracy of scored written responses when using more detailed v. simpli-
fied rubric of three of the four LLMs tested in the study (Claude 3.5 Haiku, Gemini 1.5 Flash,
ChatGPT40-mini, and Llama 3 70B Instruct), with one of these LLMs (Gemini 1.5 Flash) even
showing decreased performance when a more detailed rubric was used. Such findings challenge
the “bigger is better” narrative and suggest that strategic, though not necessarily more detailed,
prompting may be more critical than raw model scale for many qualitative tasks. These findings
may offer practical implications, particularly for researchers with limited computational re-
sources.

Temperature settings require equally careful calibration, as they fundamentally alter the de-
terministic nature of model outputs. Though temperature defaults range by LLM, lower
temperatures (e.g., 0—-0.3) have been found to produce more deterministic, focused outputs ideal
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for deductive coding tasks, while higher temperatures (e.g., 0.8—1.5) are thought to produce
more creative outputs (Peeperkorn et al., 2024), generating more diverse and novel text suitable
for exploratory thematic analysis. However, even setting temperature to 0 does not guarantee
perfect reproducibility, as model updates, non-deterministic software elements, and API-spe-
cific configurations can still produce variations across sessions and platforms. The technical
complexity extends beyond temperature to other sampling parameters: top-p and top-k sampling
create distinct qualitative effects, with top-k imposing hard limits on token choice while top-p
provides probability-based filtering that can dramatically alter coding consistency.

These technical decisions require systematic evaluation to ensure methodological choices
produce outcomes likely to be reliable and interpretable by researchers (Heseltine & von Ho-
henberg, 2024). At the same time, relatively few studies to date have explored how different
model parameters interact with features of constructs to affect the likelihood of reliable codes.
Construct characteristics may be as important as technical parameter choices in determining
coding success, yet this interaction remains poorly understood. Without systematic frameworks
for matching parameter configurations to construct types, researchers risk applying inappropri-
ate technical settings that may systematically bias results toward certain types of constructs
while undermining the reliability of others. Although prior work shows LLMs can code well-
defined constructs, relatively few studies have systematically examined how construct charac-
teristics interact with model parameters to affect reliability (Liu et al., 2025), especially for
complex constructs like persistence.

1.3. CONSTRUCT ANALYSIS

Recognizing that construct characteristics shape coding reliability, it may be important to con-
sider how specific features of qualitative constructs interact with LLM performance. While
generalization is limited due to the qualitative nature of this study, developing a taxonomy of
construct dimensions may help explain variability in LLM-generated codes across different set-
tings. Accordingly, we used construct conceptualizations to identify key features of each
construct.

In one study, researchers assessed ChatGPT-4’s coding performance across three educational
datasets using five construct dimensions: clarity, concreteness, objectivity, granularity, and
specificity (Liu et al., 2025). The researchers found ChatGPT-4 generally aligned well with
human coders, with performance influenced by construct characteristics and prompting strategy.
Constructs high in clarity and concreteness were reliably coded using zero-shot prompting,
while more complex constructs benefited from few-shot or context-based prompts, highlighting
the need to align coding methods with construct features.

While the dimensions proposed by Liu et al. (2025) are useful for evaluating coding reliabil-
ity, we proposed an alternative framework (see Table 1) to support the evaluation of construct
characteristics with an emphasis on measurement. Grounded in educational psychology meas-
urement practices and theories of validity (e.g., Cronbach & Meehl, 1955; Kane, 2013; Messick,
1995), our framework includes operational definition, empirical grounding, and conceptual in-
tegrity. These dimensions aim to ensure constructs are clearly defined, empirically validated,
and conceptually distinct, aligning with a causal perspective on validity (Borsboom et al., 2004)
and addressing issues like construct conflation in self-efficacy and motivation research.
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Table 1: Dimensions and sub-dimensions for construct analysis.

Dimension Sub-dimension Definition

Clarit Precise, unambiguous articulation enabling consistent interpretation across re-
y searchers and contexts (Messick, 1995).

Clear boundaries distinguishing the construct from related concepts within its

Specificity nomological network, preventing construct-irrelevant variance (Cronbach &

Meehl, 1955; Shepard, 2016).

Level of detail in defining a construct’s components, capturing its full complex-
ity while avoiding construct underrepresentation (Shepard, 2016).

Operational
Definition

Granularity

Observable manifestation of the construct that can be systematically docu-
Concreteness mented, reflecting the causal theory that valid constructs exist independently of
. measurement (Borsboom et al., 2004).
Empirical

Grounding  Objectivity Verifiability through systematic observation and replicable measurement proce-

dures, minimizing subjective interpretation and researcher bias (Kane, 2013).

Capability to be quantified through reliable instruments producing consistent

Measurability scores across contexts, supporting structural validity (Messick, 1995).

Consistency with established theoretical frameworks and empirical findings,
strengthening the construct’s position in its nomological network (Cronbach &
Meehl, 1955; Loevinger, 1957).

Adaptability of operationalization to remain meaningful across different tasks,
settings, and populations (Zumbo, 2009).

Theoretical Coher-
ence

Conceptual

Integrity Context sensitivity
Sensitivity to Indi-
vidual Sources of

Variability

Capacity to account for and interpret differences from individual characteristics,
developmental stages, or group membership (Messick, 1995; Meredith, 1993).

This construct evaluation framework offers several advantages. It broadens theoretical appli-
cation by addressing nomological networks (Cronbach & Meehl, 1955), strengthens research
integration through clearer theory-measurement links (Loevinger, 1957), and enhances validity
by reducing construct-irrelevant variance (Shepard, 2016). It also provides practical guidance
for assessment development (Newton & Shaw, 2014) and emphasizes context sensitivity, ac-
knowledging that constructs like persistence may vary across learning environments (Zumbo,
2009).

We reviewed the literature for each construct to evaluate alignment with sub-dimensions and
reviewed qualitative ratings assigned by the first author (high, moderate, low) based on the di-
mensions and sub-dimensions listed in Table 1. Reliability of construct ratings was not
calculated. This step was done to aid in the interpretation of LLM codes and outputs based on
different features of constructs only. As such this approach enabled a high-level cross-construct
comparisons, highlighting relative strengths and weaknesses in definition, measurement, and
theoretical integration. While our interpretations of the construct analysis may reflect a degree
of arbitrariness or confirmation bias, the analysis should be viewed as offering a descriptive
foundation to interpret the results of the present study for future refinement of prompts and
construct definitions.

Self-efficacy emerged as a reasonably well-defined construct, receiving high ratings for the
operational definition. Bandura’s (1977, 2006) domain-specific definition is widely cited and
distinguishes self-efficacy from related constructs. However, its context sensitivity remains
high, as beliefs vary by task and situation (Pajares, 1996), objectivity is only moderate due to
varied instruments (Klassen & Usher, 2010). In contrast, interest showed more variability, re-
ceiving moderate to low ratings for clarity and consistency. Although distinctions between
situational and individual interest are well established (Reninger & Hidi, 2011), definitional
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ambiguity persists (Krapp, 2002), and measurement approaches are inconsistent (Ainley & Hidi,
2014). Additionally, its conceptual overlap with intrinsic motivation complicates boundary clar-
ity (Wigfield et al., 2021).

Perceived challenge of task lacked clarity and specificity of its operational definition, fre-
quently overlapping with constructs such as difficulty, complexity, or self-efficacy (Efklides,
2011). The high degree of context-specificity also limited comparability across studies (Silvia,
2005). Prior KSAs presented even greater challenges, scoring low on clarity and consistency.
Its multidimensional nature makes it difficult to define precisely (Alexander, 2003), and while
often linked to expertise and experience (Dochy & Alexander, 1995), our focus on K—12 stu-
dents emphasized culturally and community-derived KSAs. These are highly task- and topic-
specific, further complicating measurement (O’Reilly et al., 2019; Shapiro, 2004).

Finally, persistence shared many of these issues, with low ratings for clarity, specificity, and
measurement consistency. Its definition often overlaps with other related constructs , such as
effort, engagement, or determination (Sparks et al., 2025), and behavioral indicators vary widely
due to task-specific constraints (DiCerbo, 2014; Zhou & Kam, 2017). These similarities suggest
that both constructs may benefit from clearer conceptual delineation and more consistent oper-
ationalization.

Based on this construct analysis, persistence emerged as one of the relatively less well-de-
fined constructs, characterized by lower clarity given definitional boundaries vary across
theoretical frameworks (DiCerbo, 2014), lower specificity considering behavioral indicators are
context-dependent and often overlap with related constructs like self-regulation (Zhou & Kam,
2017), as well as lower granularity given there are challenges defining persistence across differ-
ent task types (Sparks et al., 2025). In contrast, constructs such as self-efficacy demonstrated
higher operational clarity with precise definitions (Bandura, 1977), clear boundaries from re-
lated constructs (Bandura, 2006), and detailed specifications of its components (Schunk &
DiBenedetto, 2016). Such variation in construct clarity allowed us to examine a relatively un-
explored line of inquiry into whether agreement patterns between and among human and LLM
coders reflect characteristics of the construct itself. Specifically, we predicted that constructs
with lower operational clarity would show greater divergence in coding approaches, even when
individual coders (human or LLM) maintain internal consistency. When LLMs demonstrate
high self-consistency (test-retest reliability) but diverge from human coders, this pattern may
indicate not LLM failure, but rather consistent failure to understand context, nuance, or another
dialogue-based indicator of the underlying construct. This distinction is particularly important
for psychological constructs that vary in operational clarity. Examining agreement patterns
across constructs with different levels of definitional precision may support a better understand-
ing of both the capabilities and limitations of LLM-based coding.

1.4. RESEARCH AIMS

There appears to be great potential for using LLMs to analyze unobtrusive data sources like chat
logs, thus automating the assessment of persistence and related constructs in real time without
disrupting the learning experience. A systematic investigation of how different LLM configura-
tions affect the detection of persistence could contribute to an understanding of methods that
will identify which psychological constructs are most amenable to LLM-facilitated coding,
while addressing critical gaps in understanding how to ensure reliability, validity, and unbiased
analysis when using such tools.

With these current gaps in mind, the goal of this investigation is to evaluate the reliability
and accuracy of LLM-generated coding of key psychological and behavioral constructs,
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including students’ persistence, as captured in chat log data from a conversation-based assess-
ment. This study specifically examines the potential for LLMs to replicate human judgment in
labeling constructs relevant to student engagement and learning processes during interactive
problem-solving tasks. Toward this aim, the study is guided by several key research questions
(RQs) and associated hypotheses (Hs).

216

e RQ1: Which LLM configurations (model type: regular v. mini; temperature: 0, 0.3, 0.7,

1) produce the most self-consistent set of codes across the entire dataset?

We hypothesized that lower temperature settings (0, 0.3) would produce higher test-
retest reliability than higher temperatures (0.7, 1) due to reduced randomness in token
selection (Ha), and that non-mini models (GPT40) would demonstrate higher self-con-
sistency than mini models (GPT40-mini) due to greater model capacity (H1b).

RQ2: Which pairs of different LLM model configurations (model type: regular v. mini;
temperature: 0, 0.3, 0.7, 1) produce the most reliable set of codes?

We hypothesized that configuration pairs using the same base model would show higher
agreement than cross-model pairs (H2a), and that agreement would decrease as temper-
ature difference increases (H2b).

RQ3: To what extent are the different types of LLM-generated codes consistent with
human-derived codes?

We hypothesized that human-LLM agreement would be lower than human-human
agreement due to differences in interpreting contextual information (H3a), but that
LLMs would show greater self-consistency than humans due to the application of deter-
ministic rather than situated rules (H3b).

RQ4: To what extent does consistency of codes generated by the LLM configurations
and human raters vary across psychological constructs including Self-efficacy, Interest,
Prior KSAs, Perceived Challenge, and Persistence? Are there any notable patterns
based on the qualities of the construct?

Drawing on the construct analysis (see Table S1 in Supplemental Materials), we hypoth-
esized that agreement would be greater for constructs with higher operational clarity
ratings (i.e., Self-efficacy), lower for constructs with moderate clarity ratings (Interest,
Prior KSAs), and lowest for constructs with still lower clarity ratings (Persistence, Per-
ceived Challenge) (H4a). We further hypothesized that lower construct clarity ratings
would have a greater impact on codes derived by human coders more than LLMs (H4b),
and that constructs with higher concreteness would show higher agreement regardless
of overall clarity (H4c).

RQS5: Ofthe LLM configurations found to be most reliable and consistent, to what extent
are codes generated from turns produced by students for each construct by each coding
approach correlated with estimates of task performance?

We hypothesized that Persistence and Perceived Challenge would show negative corre-
lations with performance (H5a), while Self-efficacy and Prior KSAs would show
positive correlations (H5b), and Interest would show weak or null correlations (H5c¢).
Despite disagreement on specific instances, we further hypothesized that all coders
would show the same direction of correlation, demonstrating convergent construct va-
lidity (H5d).
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2. METHODOLOGY

To examine the potential of LLMs for automated coding of student dialogue, we analyzed pre-
viously collected data from research developing a CBA to evaluate English and math
proficiency among middle school students, all of whom were English learners (N = 107; Meang.
= 12.4 years, SD,e = 1.03; see Lopez et al., 2021). Based on responses of participants who
provided demographic information (see Table S2 in Supplemental Materials), the sample in-
cluded approximately the same number of females (50.68%) and males (49.32%). Most
participants were in 6™ grade (54.79%), with somewhat smaller proportions in 7" (27.40%) and
8" grade (17.81%). Participants reflected linguistically diverse households, with nearly half
speaking both English and Spanish (47.95%) at home, and over a third speaking only Spanish
(36.99%), with somewhat smaller percentages indicating that other languages, such as Gujarati
(4.11%), were spoken at home.

The CBA was designed to integrate principles of naturalistic dialogue, peer interaction, and
scaffolded problem solving to simulate authentic, collaborative classroom experiences within a
digital environment (Lopez et al., 2021). It comprised a sequence of six structured, interactive
conversations between the student and three pedagogical agents, a teacher agent and two peer
agents. The conversational format is designed to simulate small-group mathematical problem
solving, encouraging students to engage in turn-taking, interpret information, and respond
meaningfully to context-specific prompts. The system uses NLP to analyze student input and
adjust the dialogue path based on characteristics of the student input, using a match score sys-
tem. This design allows the conversation to flexibly adapt in response to student performance.

The assessment content reflected upper elementary and middle school math curricula. Stu-
dents completed up to seven different tasks, which targeted the following six key competencies:
(1) understanding directions; (2) comprehending short passages; (3) finding and interpreting
information in tables; (4) understanding mathematical language related to ratios and propor-
tions; (5) converting contextual problems into mathematical expressions (e.g., ratios, unit rates);
and (6) demonstrating proportional reasoning by solving quantitative problems.

Each task is presented from a first-person perspective with embedded video clips to provide
visual and contextual scaffolding. The assessment is designed to elicit conversational language
in mathematical contexts, potentially allowing for analysis of multiple constructs including
those mathematical concepts which were the focus of the task as well as other cognitive and
non-cognitive constructs such as Persistence, Self-efficacy, Interest, Perceived Challenge, and
Prior KSAs. The resulting chat log data provides a rich, multi-turn corpus of student language
suitable for both human and machine coding. Overall, the participation in the conversation var-
ied between the human student and the pedagogical agent, with average counts of turn per user
ranging from about 8 to 36 and average words per turn generally between 7 and 17 (see Tables
S3 and S4 in Supplemental Materials). In particular, students produced fewer turns on average
(mean = 24.55, SD = 8.28) with shorter responses (about 7 words per turn) compared to peda-
gogical agents (peer agent 1: mean = 36.34 turns, SD = 10.65; ~15 words/turn; peer agent 2:
mean =34.92 turns, SD = 11.97; ~17 words/turn). Across tasks, students consistently have lower
average words per turn (e.g., in Section 1, 6.09 words on average for the student vs. 9.66 for
peer agent 1 and 15 for peer agent 2), underscoring their briefer contributions relative to the
pedagogical agents.
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2.1. LLM CODING

We explore the potential for LLMs to identify indicators of Persistence and related constructs
(Self-efficacy, Interest, Perceived Challenge, Prior KSAs) from chat log data by focusing on the
consistency of LLM-generated coding across different ChatGPT40 models varying based on
model type (regular v. mini) and temperature settings (0, 0.3, 0.7, 1), and with respect to human
evaluation and coding. Across all LLM conditions, the same prompt was used (see Appendix B
in Supplemental Materials). The construct definitions and prompt were developed in collabora-
tion with the research team and iteratively refined through group discussions until a consensus
was reached based on definitions from research in these areas and construct operationalizations
found in research. This refinement process focused primarily on clarifying the operational def-
initions of each construct (see Appendix C for Version 1 and Version 2 of coding instructions),
while the core prompt structure and model parameters remained relatively constant across iter-
ations. We then re-ran the same prompt using the same model parameters to evaluate reliability
of the same model configuration on two different occasions. Though past research has found
certain LLMs, particularly those in the ChatGPT family, to be relatively stable across multiple
runs (Shah et al., 2025), we wanted to confirm that variation in outputs was not unduly influ-
enced by randomness. The first batch was run between March 30—April 2, 2025, while the
second batch was run between May 28-30, 2025.

To assess the quality of the output, human reviewers evaluated the appropriateness of the
codes with a subset of data that was human-coded to calculate reliability. For example, it was
found in several instances that the regular (i.e., ChatGPT4o0, not ChatGPT40-mini) model with
temperature set at 1 applied codes related to but not otherwise included in the original prompt,
such as “Curiosity” and “Engagement.” Instances of codes such as these were removed from the
dataset prior to analysis.

2.2. HuUMAN CODING

To evaluate the LLM-generated codes, we compared model outputs to a human-annotated
benchmark created under tightly aligned conditions. Two trained human coders with over five
years of experience each in assessment development were provided with coding instructions
similar to the one used to elicit outputs from the LLMs, along with spreadsheet template for
recording codes. This approach was designed to mirror the LLM task structure and output format
as closely as possible, thereby increasing the comparability between human- and machine-gen-
erated labels. The human coders applied construct-level codes (i.e., Self-efficacy, Interest,
Persistence, Perceived Challenge, Prior KSAs) to turns within the chat log dataset.

To ensure the two trained human coders were applying codes consistently, a series of meet-
ings occurred during which the two coders and researchers met to discuss the decisions leading
to the use of codes, identified patterns in their decisions, and refined the documentation and
definitions of constructs to make them more consistent in applying codes. After finishing an
initial round of coding, the instructions for the human coders were then revised to reflect actual
coding decisions based on mutual agreement. Appendix C in Supplemental Materials provides
the exact instructions provided to the human coders initially (Version 1) and after undergoing
revisions that emerged through conversation during the meetings (Version 2). These revisions
involved adding specific behavioral indicators (e.g., for Persistence: ‘re-attempting, asking for
clarification, or expressing a desire to keep working’) and clarifying construct boundaries, but
did not alter the fundamental coding categories or introduce new constructs. This process of
training and calibration reflects current best practices for scoring or otherwise identifying
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qualities of cognitively complex assessment data (Bauer & Zapata-Rivera, 2020; McCaffrey et
al., 2021). One of the human coders (humanl) coded the data set in its entirety (N = 10,919),
while the other (human2) only coded a subset of randomly assigned task section-level conver-
sations (N = 2,092).

2.3. COMPARING LLM-LLM AND HUMAN-LLM CoODING OUTPUTS

All outputs, including those by each LLM and the human coder, were evaluated as if they were
produced by independent coders. To assess the reliability and consistency of codes generated
by different “coders,” we employed several commonly used agreement metrics. First, we calcu-
lated percent agreement as a basic indicator of how often the LLMs produced the same labels
as the human benchmark. While this metric offers a straightforward view of overall alignment,
it does not account for agreement occurring by chance (Krippendorff, 2011). To address this
limitation, we also calculated Krippendorff’s Alpha («), a measure of reliability that adjusts for
chance agreement and supports comparisons across multiple coders and categories (Krippen-
dorff, 2004). Krippendorff’s a was computed at the construct level, aggregating across all LLM
models and turns, to estimate the overall consistency of LLM coding relative to human expec-
tations. In addition, we computed pairwise Cohen’s Kappa (x) scores (Cohen, 1960) between
different LLM model configurations (e.g., comparing ChatGPT4o/temperature=0.3 to
ChatGPT40-mini/temperature=0.3) and between LLMs and the human coders. Each of these
metrics provide insight regarding the alignment across different coders and constructs.

Table 2: Count and proportion of codes per construct assigned by each “coder.”

Coder / LLM Configuration  Self-efficacy Interest Prior KSAs  Perceived Challenge Persistence Count of
Model Type Tempera- N % N % N % N % N % Messages
ture with Codes

ChatGPT4o0 0 2179 32.1% 2749 40.5% 1485  21.9% 1647 243% 1191 17.5% 6788
ChatGPT4o0 0.3 2173 32.1% 2730 40.3% 1488  22.0% 1599 23.6% 1251 18.5% 6773
ChatGPT4o0 0.7 2178 32.7% 2661 40.0% 1616  24.3% 1537 23.1% 1205  18.1% 6660
ChatGPT4o0 1 2139 31.7% 2769 41.1% 1738  25.8% 1535 22.8% 1174 17.4% 6745
ChatGPT40-mini 0 2950 48.8% 1834 30.3% 2576  42.6% 1773 29.3% 355 5.9% 6049
ChatGPT40-mini 0.3 2923 46.5% 1710 27.2% 2811 44.7% 1923 30.6% 407 6.5% 6288
ChatGPT40-mini 0.7 2921 463% 1699 27.0% 2841  45.1% 1876 29.8% 400 6.3% 6303
ChatGPT40-mini 1 2859 44.8% 1737 27.2% 2913 45.6% 1851 29.0% 471 7.4% 6382
Human Coder 1 - 2331 47.5% 1981 40.4% 0 0.0% 0 0.0% 1498  30.5% 4908
Human Coder 2 — 846  53.5% 609 38.5% 0 0.0% 14 0.9% 164 10.4% 1581

Note: Multiple codes could appear in the same turn and thus sum of percentages could exceed 100.

3. RESULTS

Analyses focused on the interrater reliability of LLM outputs across the five constructs: Per-
ceived Challenge, Interest, Self-efficacy, Prior KSAs, and Persistence. Table 2 provides an
indication of how frequently constructs were identified by different LLMs as well as by the
human coders. Note that the counts reflect the codes assigned by the models on the first run,
rather than the second run which was primarily used to evaluate the stability of the LLM outputs.
The overall frequency that certain constructs were identified varied considerably between raters,
particularly between LLM and human raters. However, self-efficacy appeared as the most fre-
quently coded construct (see Table S5 in Supplemental Materials).
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We further examined how model architecture (specifically model type: regular v. mini) and
temperature settings had affected coding consistency through pairwise comparisons using Co-
hen’s Kappa and percent agreement metrics. Findings are organized by research question,
highlighting construct-specific patterns that inform optimal LLM configurations for educational
coding contexts.

3.1. CONSISTENCY OF LLM CONFIGURATIONS ON SEPARATE OCCASIONS (RQ1)

To examine the stability of LLM-generated codes within individual model configurations, we
calculated reliability using Cohen’s x across two independent generation runs with identical
parameters (i.e., model type, model temperature, and prompt). We refer to these analyses as
“within-configuration” reliability. Tables S6 and S7 in Supplemental Materials provide a sum-
mary of the within-configuration reliability estimates overall and by construct. Results of this
within-configuration reliability analysis suggested that LLM configurations demonstrated over-
all consistency when re-coding the same dataset (see Table S6 in Supplemental Materials). All
eight configurations achieved Cohen’s x values above 0.86 and percent agreement exceeding
88%. Specifically, the configurations ranged from x = 0.865 to x = 0.889, with ChatGPT4o/tem-
perature=0 showing the highest within-configuration reliability (x = 0.890, 90.52% agreement)
and ChatGPT4o-mini/temperature=1 showing the lowest (x = 0.865, 88.28% agreement). Tem-
perature effects on within-configuration reliability showed minimal systematic patterns, with all
configurations maintained strong within-configuration reliability regardless of temperature pa-
rameter. In general, temperature effects were minimal and non-monotonic. Within ChatGPT4o,
consistency ranged only from 0.882 to 0.890 (0.8% variation), and temperature=0.7 and tem-
perature=1 performed nearly identically (x = 0.882). Within ChatGPT40-mini, temperature=0.3
actually outperformed temperature=0 (0.874 vs. 0.866) (H1a partially supported). Across model
types, ChatGPT4o0 configurations consistently outperformed ChatGPT40-mini configurations.
The four ChatGPT4o0 configurations showed high inter-rater reliability (x = 0.882-0.890),
though all ChatGPT40-mini configurations tended to perform slightly lower overall (x = 0.865—
0.874) (H1b supported).

Certain construct-specific patterns emerged when examining LLM within-configuration
agreement (see Table S7 in Supplemental Materials). For example, Perceived Challenge demon-
strated the overall strongest within-configuration reliability across all configurations, with x
values ranging from 0.831 to 0.893 and percent agreement from 92.80% to 96.05%. Self-effi-
cacy, Interest, and Prior KSAs showed reasonably good within-configuration reliability, with x
values consistently above 0.75 across all configurations. For Self-efficacy, reliability ranged
from k= 0.791 to x = 0.831, with ChatGPT4o/temperature=1 achieving the highest consistency
(x=0.831, 92.78% agreement). Interest showed similar patterns, ranging from x = 0.756 to k =
0.886, with ChatGPT4o/temperature=0 demonstrating good reliability (x = 0.886, 94.48%
agreement). Prior KSAs maintained consistent performance across configurations (x = 0.796 to
x = 0.830), with ChatGPT4o0-mini/temperature=0.3 achieving the highest reliability (x = 0.830,
91.6% agreement). Persistence presented the most variable within-configuration reliability pat-
terns, with reliability ranging from x = 0.701 to x = 0.818. Notably, while Persistence showed
lower x values compared to other constructs, it achieved the highest percent agreement rates
(93.9% to 97.15%), suggesting that disagreements occurred primarily in low-frequency coding
decisions. The ChatGPT4o/temperature=1 configuration demonstrated the strongest within-con-
figuration reliability for Persistence (x = 0.818) as well as high agreement (94.82% agreement).
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3.2. PAIRWISE RELIABILITY BETWEEN LLM CONFIGURATIONS (RQ2)

Beyond self-consistency, we examined agreement between different LLM configurations to
identify which combinations produced the most similar patterns of codes. Within-model type
pairs showed 3.3—4.0% higher agreement than cross-model pairs at the same temperature (e.g.,
ChatGPT4o/temperature=0 vs. ChatGPT4o/temperature=0.3: x = 0.876; ChatGPT4o/tempera-
ture=0 vs. ChatGPT4o0-mini/temperature=0: x = 0.841). This pattern held across all temperature
levels, suggesting that differences in model type (in this case regular v. mini ChatGPT40 mod-
els) are likely to produce different coding outputs even with identical prompts and temperature
settings (H2a supported).

Examining differences between model configurations at different temperatures revealed sev-
eral interesting findings. Within each model type, agreement decreased monotonically as
temperature difference increased (H2b supported). In addition, pairings consisting of model
configurations with lower temperature settings consistently produced the highest inter-model
reliability across most constructs. The ChatGPT4o/temperature=0 vs. ChatGPT4o/tempera-
ture=0.3 comparison yielded exceptional agreement for Perceived Challenge (x = 0.884, 95.76%
agreement) and Interest (x = 0.863, 93.44% agreement). These findings suggest that determin-
istic settings may create more stable interpretative frameworks that could generalize across
similar parameter configurations. Pairings with model configurations at mid-range temperature
settings were overall less consistent though appeared to produce reasonably consistent coding
across certain constructs. For example, Self-efficacy achieved its highest pairwise reliability in
the ChatGPT4o/temperature=0.3 vs. ChatGPT4o/temperature=0.7 comparison (x = 0.798,
90.8% agreement), while Prior KSAs performed best in ChatGPT4o/temperature=0.7 vs.
ChatGPT4o/temperature=1 pairings (x = 0.741, 88.06% agreement). These patterns align with
our dimensional analysis, where constructs with higher theoretical coherence benefited from
moderate temperature variation. In further contrast, pairings involving model configurations
with higher temperature settings generally produced lower reliability, with notable exceptions
for constructs with low operational clarity. Prior KSAs showed its strongest performance in
ChatGPT4o-mini/temperature=0.7 vs. ChatGPT4o-mini/temperature=1 comparisons (x =
0.809, 90.5% agreement), suggesting that abstract constructs may require higher temperature
settings to capture their varied expressions.

3.3. CONSISTENCY WITH HUMAN-DERIVED CODES (RQ3)

Evaluation of LLM-human alignment revealed substantial divergences across all constructs and
configurations, highlighting fundamental differences in how humans conceptualize and LLMs
identify these psychological constructs. For comparison purposes, human-human coding results
revealed a generally strong and consistent pattern of coding the constructs among the human
raters with the exception of Perceived Challenge (see Table S8 in Supplemental Materials).
Specifically, Self-efficacy demonstrated reasonably good inter-rater reliability with a Cohen’s
kappa of 0.886 and 94.39% agreement, while Interest and Persistence also showed moderate
agreement (see Landis & Koch, 1977), reflected in x values of 0.675 and 0.514 respectively,
both with over 84% agreement. Both human raters did not detect instances of Prior KSAs and
thus achieved perfect 100% agreement, and thus x could not be calculated. Follow-up conver-
sations with human coders revealed that they adhered to the definition indicated in the coding
instructions and regarded only in turns that referred to knowledge accumulated from experience
outside of the task context as evidence of Prior KSAs. Similarly, there were relatively few in-
stances of Perceived Challenge noted by one human coder and none noted by another human
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coder and thus had 98.94% agreement with a x = 0. The human coders indicated that unless
there was a direct reference from a student or agent regarding the difficulty of an item or the
task overall, Perceived Challenge was not assumed. For both these constructs, the human coders
were much more discerning, relying on information explicitly conveyed in the turns within the
task context rather than presumed evidence of these constructs based on linguistic features of
the turns. Yet at the same time, human-human agreement (average x = 0.644) was actually lower
than the best LLM-LLM agreement (average x = 0.856) across constructs. (H3a partially sup-
ported).

In contrast, while LLMs achieved high inter-model agreement for certain configurations, hu-
man-LLM alignment remained low (k ranging from 0.000 to 0.419). The most striking finding
was the lack of alignment in identifying Prior KSAs, where every human-LLM comparison
yielded x = 0 despite agreement ranging from 52.22% to 83.96%. This pattern indicates that
humans and LLMs may be identifying specific answers to questions as evidence of prior
knowledge, a breakdown reflecting the difficulties LLMs face in detecting the construct’s con-
text-dependent nature (H3b supported). While LLMs tended to code explicit knowledge
statements such as those reflecting an answer to a question, human coders noted the subtle indi-
cators such as domain-specific vocabulary usage or references to past experiences as indicators
of prior KSAs, which were largely absent in the dataset.

Another notable pattern was the finding that codes for Interest also showed inconsistent iden-
tification patterns between human coders and LLMs, with multiple negative x values (as low as
x = —0.284 for humanl vs. ChatGPT4o-mini/temperature=0). Negative « indicates that LLM-
human agreement was worse than chance, suggesting systematic misalignment in what consti-
tutes the expression of interest. This pattern emerged across configurations: while LLMs
achieved strong internal agreement (x up to 0.863 between ChatGPT4o/temperature=0 and
ChatGPT4o/temperature=0.3), human alignment remained poor (x ranging from -0.284 to
0.198). This may indicate that the LLMs applied internally consistent but fundamentally incor-
rect heuristics for interest detection, possibly conflating engagement behaviors with genuine
interest or misinterpreting task-focused language as affective expression.

Perceived Challenge showed near-zero x values (x = 0.000 to 0.012) when compared with
both humans despite moderate percent agreement (62.99% to 70.17%). This pattern may indi-
cate that while humans and LLMs agreed on the majority of instances where evidence of
Perceived Challenge was lacking, they fundamentally disagreed on what constituted evidence
in favor of the construct. This was true even as human coders themselves showed minimal
agreement, suggesting the construct may be inherently difficult to operationalize consistently
with this type of data and thus may point to the types of constructs that lack the definitional
clarity for LLM coding to be appropriately used.

Persistence exhibited a similar pattern: high percent agreement (78.23% to 92.41%) but con-
sistently low x values (x = 0.043 to 0.426). This suggests that while humans and LLMs agreed
on most instances, they disagreed systematically on the positive cases influenced « calculations.
The pattern further varied by human coder: humanl showed moderate alignment (x = 0.246 to
0.430), while human2 showed less consistent alignment (x = 0.043 to 0.223). This inter-human
variability suggests that persistence operationalization lacks clarity even among expert coders,
making it particularly challenging for LLMs to detect consistent patterns.

Self-efficacy demonstrated the best human-LLM alignment among all constructs, with x val-
ues ranging from 0.138 to 0.418. However, this “best” performance still represents poor to fair
agreement by conventional standards. The pattern revealed systematic differences between hu-
man coders: human2 showed consistently lower alignment with LLMs (x = 0.160 to 0.418)
compared to humanl (x = 0.246 to 0.419). Interestingly, non-mini models consistently
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outperformed mini models in human alignment for self-efficacy. For example, human2 vs.
ChatGPT4o/temperature=0 achieved x = 0.418, while human2 vs. ChatGPT40-mini/tempera-
ture=0 reached only x = 0.192.

3.4. CONSTRUCT-SPECIFIC PATTERNS (RQ4)

Across all constructs, mid-range temperature settings (0.3—0.7) yielded the most consistent and
reliable outputs. Lower temperatures (0.0-0.3) produced more deterministic results, while
higher settings (1.0) introduced variability that in some cases enhanced interpretive constructs
but reduced overall agreement for more structured tasks. Mini models demonstrated notably
different patterns compared to their regular-type counterparts, particularly at higher temperature
settings. In Supplemental Materials, Table S9 reports the overall consistency (a) across all cod-
ers for each construct and Figures S1-S5 in Supplemental Materials illustrate the highest
pairwise consistency (x) for each construct. Constructs with high clarity (Self-efficacy: o =
0.580) and moderate clarity (interest: o = 0.584) showed higher agreement than low-clarity con-
structs (Persistence: a = 0.498) (H4a largely supported), while low construct clarity appeared
to have a more negative effect on agreement for human coders than LLMs (H4b supported).

Krippendorff’s o indicated moderate reliability across all coders (including humans and
LLMs) for self-efficacy (a = 0.580 overall), reflecting some inconsistency in coding definitions
across raters, particularly between LLMs and human coders (x = 0.160—0.418). Despite this,
Self-efficacy had the highest between-configuration reliability among all constructs, with opti-
mal performance at moderate temperatures. The ChatGPT4o/temperature=0.7 configuration
yielded the strongest reliability (x = 0.847, 92.1% agreement), while mini models showed more
variable performance across temperature settings. This pattern aligns with the construct’s high
clarity and specificity ratings, suggesting that well-defined constructs benefit from moderate
temperature settings that balance determinism with interpretive flexibility.

Perceived challenge had the highest Krippendorft’s a among constructs (o = 0.603), indicat-
ing relatively strong internal consistency among LLM coders. However, human-LLM
agreement was notably low (k = 0.00—0.012), suggesting divergent interpretation criteria despite
moderate percent agreement. Across configurations, perceived challenge showed high reliabil-
ity, particularly in low-temperature settings. The ChatGPT4o/temperature=0 configuration
achieved x = 0.823 with 94.2% agreement, and ChatGPT4o/temperature=0.3 showed similar
performance (x = 0.819, 93.8% agreement). The construct’s moderate clarity and more concrete
manifestations appear to support stable LLM identification across runs.

Interest had relatively low Krippendorff’s a ( = 0.461), reflecting moderate reliability with
notable temperature sensitivity. Human-LLM « values were often negative or near zero, indi-
cating significant misalignment in construct interpretation between humans and LLMs. Low-
temperature configurations performed best, with ChatGPT4o/temperature=0 achieving x =
0.756 (89.3% agreement). Higher temperatures introduced substantial variability, particularly
in mini models, where ChatGPT4o-mini/temperature=1 dropped to x = 0.542. This pattern may
reflect the construct’s moderate clarity but high context-sensitivity, requiring more deterministic
settings for stable identification.

The Prior KSAs construct had moderate Krippendorff’s a ( = 0.482) but showed the most
variable between-configuration reliability, ranging from x = 0.423 to x = 0.734 across configu-
rations. Mini models at higher temperatures showed optimal performance (ChatGPT4o-
mini/temperature=1: x = 0.734, 87.1% agreement) for Prior KSAs, in contrast to other con-
structs. Despite surface-level agreement above 80%, all human-LLM comparisons resulted in x
= 0.000, indicating a complete divergence in what raters considered evidence of prior
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knowledge. This aligns with the construct’s low clarity rating and suggests that less determinis-
tic settings may help capture its diverse manifestations.

Persistence had the lowest Krippendorff’s a among constructs (o = 0.438), indicating poor
reliability despite high percent agreement rates. Human-LLM « values were also low (max x =
0.423), suggesting conceptual misalignment. The best-performing configuration (ChatGPT4o-
mini/temperature=0.7) achieved only x = 0.687 with 95.8% agreement, reflecting high surface-
level consistency but substantial disagreement on positive cases. This pattern corresponds with
the construct’s low specificity rating and measurement challenges identified in our dimensional
analysis. With a high concreteness and low clarity rating, coding for persistence reflected only
moderate human agreement (x = 0.514), suggesting that concreteness alone is insufficient when
specificity and granularity are low (H4c partially supported).

3.4.1. Model type and temperature differences

Mini models consistently applied significantly more codes across all constructs, with particu-
larly pronounced differences at higher temperatures. For instance, ChatGPT4o-
mini/temperature=1 applied codes to 44.8% of turns for Self-efficacy compared to 31.7% for
ChatGPT4o/temperature=1, and this pattern was consistent across constructs. While non-mini
models generally performed best at low-to-moderate temperatures, mini models often achieved
optimal reliability at higher temperature settings. For Prior KSAs, the highest pairwise reliability
occurred between ChatGPT4o-mini/temperature=0.7 and ChatGPT4o-mini/temperature=1 (x =
0.809, 90.5% agreement), whereas non-mini models peaked at ChatGPT4o/temperature=0.7 vs.
ChatGPT4o/temperature=1 (x = 0.793, 92.11% agreement). Similarly, for Persistence, mini
models achieved their highest reliability at ChatGPT4o0-mini/temperature=0.7 vs. ChatGPT4o-
mini/temperature=1 (x = 0.752, 96.99% agreement). When comparing mini to non-mini models
at identical temperature settings, agreement dropped substantially, particularly at higher tem-
peratures. For example, Self-efficacy showed strong within-type agreement
(ChatGPT4o/temperature=0.7 vs. ChatGPT4o/temperature=1: x = 0.803; ChatGPT4o-
mini/temperature=0.7 vs. ChatGPT4o-mini/temperature=1: x = 0.810), but cross-type compari-
sons at the same temperatures yielded much lower agreement (ChatGPT4o/temperature=0.7 vs.
ChatGPT4o-mini/temperature=0.7: « = 0.462; ChatGPT4o/temperature=1 vs. ChatGPT4o-
mini/temperature=1: ¥ = 0.464). This pattern suggests that model type introduces systematic
interpretation differences that become more pronounced as temperature increases, potentially
reflecting different approaches to handling ambiguous or context-dependent expressions of psy-
chological constructs.

3.4.2. Patterns by Construct Dimensions

Analysis of construct performance patterns in relation to our dimensional framework (see Table
S1) revealed potential relationships between construct characteristics and LLM coding reliabil-
ity. These patterns may provide insights into which types of psychological constructs are most
amenable to qualitative coding with certain LLM configurations. With respect to the quality of
the operational definition of the constructs, those rated high in clarity, such as Self-efficacy,
consistently achieved higher reliability across most metrics. For example, Self-efficacy demon-
strated x values up to 0.418 in human-LLM comparisons and maintained robust LLM-LLM
agreement (x up to 0.846 among mini model configurations). In contrast, constructs with low
clarity, such as Prior KSAs, showed universally poor performance, with all human-LLM « val-
ues equal to zero despite percent agreement exceeding 80% in some cases. Constructs with
moderate clarity, including Persistence, Interest, and Perceived Challenge, exhibited
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intermediate reliability and notable sensitivity to temperature settings, as reflected in the varia-
bility of x values across configurations (e.g., Interest x values ranging from —0.284 to 0.198;
Perceived Challenge x near zero for human-LLM pairs). With respect to the specificity of the
construct, Self-efficacy, which had higher specificity tended to have more consistent ratings
across configurations, with minimal variability in reliability metrics. In contrast, Persistence,
rated low in specificity, exhibited high variability in both reliability and human alignment. For
instance, Persistence x values for human-LLM pairs ranged from 0.043 to 0.426, and percent
agreement, while high (up to 92.41%), did not translate to interpretive consistency. These results
suggest that clear construct boundaries are essential for reliable automated coding, as ambiguity
in operational definitions leads to inconsistent model behavior and poor alignment with human
judgment.

With respect to the empirical grounding of the constructs, those thought to have higher con-
creteness (i.e., Persistence, Self-efficacy, Prior KSAs) generally achieved high percent
agreement between raters. For example, Persistence reached up to 92.41% agreement. However,
these constructs also showed variable x values, with Persistence x values ranging widely. On
the other hand, Perceived Challenge, which had only a moderate concreteness rating, had a per-
cent agreement which ranged from 62.99% to 70.17% for human-LLM pairs with x values near
zero. This pattern indicates that while observable manifestations of constructs support surface-
level consistency, they may not guarantee interpretive accuracy or conceptual alignment be-
tween humans and LLMs.

Finally, we considered how differences in the reliability of constructs could be partly ex-
plained by the extent of the conceptual integrity of the construct. In particular, constructs with
high theoretical coherence, such as Self-efficacy, demonstrated more stable performance pat-
terns across LLM configurations and human comparisons. Self-efficacy maintained moderate
to high x values and percent agreement, while constructs with only moderate theoretical coher-
ence, such as Interest and Perceived Challenge, showed greater sensitivity to parameter
variations and less consistent reliability. This suggests that well-established theoretical frame-
works provide a more reliable foundation for automated coding, reducing the impact of model
and parameter selection on coding outcomes.

The observed variation in reliability across different tasks reflects differences in the concep-
tual integrity of the constructs. Constructs with higher theoretical coherence and clearer
operational definitions, such as Self-efficacy and Perceived Challenge, generally maintained
more stable reliability across sections, particularly in non-mini models. For example, Perceived
Challenge in ChatGPT4o/temperature=0.3 showed high and consistent x values (0.804—0.975)
regardless of the task, indicating that its behavioral markers were robust to contextual changes
within the assessment. In contrast, constructs with lower conceptual integrity, those that are less
clearly defined or more context-dependent, such as Persistence and Interest, exhibited greater
fluctuations in reliability across sections, especially in mini models. For instance, Persistence x
values in ChatGPT4o-mini/temperature=0.3 ranged widely (0.359-0.992), suggesting that the
model’s ability to identify a construct such as Persistence was highly sensitive to the specific
demands or discourse patterns of each task. These patterns indicate that constructs with strong
theoretical and operational foundations are less affected by contextual variation, resulting in
more reliable automated coding across different parts of the task. Conversely, constructs that
are more ambiguous or context-sensitive show greater variability, highlighting the importance
of both construct clarity and context consideration when applying LLM-based coding in educa-
tional settings. In addition, we noted that non-mini models generally tended to outperform mini
models for constructs with higher clarity and specificity (esp. Self-efficacy), while mini models
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appeared to more reliably code constructs with somewhat lower operational clarity (esp. Prior
KSAs).

We further note that LLMs demonstrated equal or higher self-consistency than consistency
between human coders across all constructs. These findings may suggest divergent but internally
consistent interpretive frameworks for identifying certain constructs. For example, when con-
structs lack operational clarity, both human and LLM coders may develop stable coding
schemes, even though these schemes are likely to differ. Notably, Perceived Challenge showed
zero human-human agreement (x = 0.000) despite high LLM self-consistency (x = 0.831-0.893),
indicating that even trained human coders could not establish a shared interpretation of a rela-
tively ambiguously defined construct. At the same time, we note with emphasis that while the
LLMs tended to demonstrate greater internal consistency, there remains the important question
of whether such consistency matters if the application of definitions and labels are not theoreti-
cally aligned with the underlying construct.

3.5. PREDICTIVE VALIDITY: CORRELATIONS WITH TASK PERFORMANCE (RQ5)

To address RQS5, we examined the extent to which LLM-identified expressions of Persistence
and related constructs predicted students’ performance on the ELLA-Math assessment (Lopez
et al., 2021). Correlations were computed between each construct (Persistence, Self-efficacy,
Interest, Perceived Challenge, and Prior KSAs) and students’ total scores, as well as their per-
formance on each of the four assessment sections. Examination of relationships between
construct coding frequency and performance on the task revealed certain patterns. Overall cor-
relations between construct counts and student performance showed that all five constructs
exhibited negative correlations, indicating that higher frequencies of these constructs were gen-
erally associated with lower performance outcomes.

The frequency of codes for Perceived Challenge appeared to have the strongest negative cor-
relation with performance across all coders (r =—-0.25, p <.001), followed by Persistence (» =—
0.19, p <.001). These findings align with theoretical expectations, as expressions of challenge
and continued struggle may indicate students encountering difficulty rather than productive en-
gagement (H5a supported). Self-efficacy (r =—0.15, p <.001) and Prior KSAs (r =-0.14, p <
.001) showed moderate negative correlations (H5b not supported), while Interest exhibited the
weakest association (» =—0.08, p <.001) (H5c¢ not supported).

3.5.1. Variation by Task

The relationship between constructs and task performance varied dramatically across different
sections of the assessment, revealing the context-dependent nature of these motivational indica-
tors. In Section 2 of the task, both Self-efficacy (» = 0.33, p <.001) and Interest (» = 0.31, p <
.001) showed strong positive correlations with performance, suggesting that early expressions
of confidence and engagement were predictive of success. However, this pattern reversed in
later sections, particularly Section 5, where Perceived Challenge, which was almost solely iden-
tified by the LLMs (» = —0.23, p < .001), and Persistence (r = —0.15, p < .001) demonstrated
significant negative associations with performance. This shift suggests that continued expres-
sions of challenge and persistence in later sections may indicate unproductive struggle rather
than adaptive engagement. As shown in Figure 1, notable shifts from positive correlations in
early sections to negative correlations in later sections highlight the context-dependent nature
of motivational constructs during problem-solving.
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Figure 1: Line graphs showing correlations between construct counts and performance across
tasks.

3.5.2. Rater-specific Patterns

Correlations with task performance varied notably between human and LLM coders, with hu-
man coders showing more conservative coding patterns. For instance, Persistence coded by
humanl demonstrated a strong negative correlation (» =—0.32, p <.001), while the same con-
struct coded by LLM model ChatGPT4o/temperature = 0.3 showed a similar but slightly weaker
pattern (r =—0.25, p <.001). Figure 2 illustrates differences between the strength of the associ-
ation between the frequency of certain codes on students’ messages and students’ scores
between different coders, where darker colors indicate stronger negative correlations, with Per-
ceived Challenge and Persistence showing the most consistent negative associations across
raters. Notably, correlations are not shown for human coders with respect to certain constructs
(shown in gray cells in Figure 2), reflecting the lack of codes assigned by the human coders for
those constructs.
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Figure 2: Heat map displaying correlations between construct counts and student performance
across different raters and LLM configurations. Note that the gray boxes reflect the lack of
codes.

3.5.3. Temperature and Model Effects

Different LLM temperature settings revealed varying sensitivity to construct-performance rela-
tionships (see Table S10 in Supplemental Materials). For Perceived Challenge, correlations
remained consistently strong across temperature settings, ranging from » = —0.30 (ChatGPT4o-
mini/temperature=0) to » =—0.33 (ChatGPT4o/temperature=0 and ChatGPT4o/temperature=1),
all significant at p < .001. Persistence correlations showed more variation, with
ChatGPT4o/temperature=1 producing the strongest association (» =—0.26, p <.001) compared
to ChatGPT4o-mini/temperature=0.3 (» = —0.16, p < .001). Notably, Interest showed the most
temperature-dependent patterns: while ChatGPT4o/temperature=0.3 maintained a negative cor-
relation (» =—-0.16, p <.001), the ChatGPT4omini models at temperatures 0.3, 0.7, and 1.0 all
produced positive correlations (r = 0.06, » = 0.04, and » = 0.02, respectively), though with re-
duced significance. Self-efficacy correlations were relatively stable across temperatures,
ranging from r = —0.14 to » = —0.19, suggesting this construct’s relationship with performance
was less sensitive to temperature variations than Interest or Persistence.

We subsequently examined the coding of persistence in greater detail to understand how
construct ambiguity might affect human-LLM agreement. Table 3 presents the distribution of
persistence codes by coder type. Human coders differed substantially in how frequently they
identified persistence, suggesting different thresholds for what constitutes evidence of the stu-
dent exerting effort in the face of obstacles. Notably, all coders found negative correlations
between Persistence codes and task performance (as shown in Table S10 in Supplemental Ma-
terials), potentially highlighting a connection between task difficulty experienced and the
demonstration of persistence. This indicates that despite disagreement on specific instances, all
coders captured a meaningful construct related to task difficulty. For example, Human 1
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conveyed that they tended to treat ambiguous statements such as those beginning with “I
think...” as evidence of persistence interpreting uncertainty as continued engagement. In con-
trast, Human 2 expressed requiring explicit expressions of effort such as “let me try again” as
evidence of persistence. Meanwhile, we noted that the LLMs appeared to consistently code
questions posed to agents as indicating persistence, thus interpreting help-seeking as evidence
of persistence. These patterns may help to explain the low overall average agreement across all
coders (a = 0.498) as each coder applied a coherent but distinct interpretation of the construct’s
boundaries.

Table 3: Coding of persistence by coder type.

Coder / LLM Configuration Total Per- % of Mean Persis- SD Correlations be-
Model Type Tempera- sistence All tence Codes Persistence Codes tween Count of

ture Codes Codes per Student per Student Persistence Codes

and Performance

ChatGPT4o0 0 1191 17.5% 11.34 7.71 r=-0.25,p <.001
ChatGPT4o0 0.3 1251 18.5% 11.91 8.26 r=-0.25,p <.001
ChatGPT4o0 0.7 1205 18.1% 11.48 7.46 r=-0.25,p <.001
ChatGPT4o0 1 1174 17.4% 11.18 7.71 r=-0.26, p <.001
ChatGPT40-mini 0 355 5.9% 3.38 2.32 r=-0.17, p <.001
ChatGPT40-mini 0.3 407 6.5% 3.88 2.25 r=-0.16, p <.001
ChatGPT40-mini 1 400 6.3% 3.81 2.33 r=-0.18, p <.001
ChatGPT40-mini 0.7 471 7.4% 4.49 2.66 r=-0.18, p <.001
Human 1 - 1498 30.5% 14.27 6.72 r=-0.32, p <.001
Human 2 164 10.4% 1.56 2.38 r=-0.08, p =.002

Note: Human 2 only coded part of the transcript (see Section 2.2) and thus total counts may be
misleading.

4. DISCUSSION

This study investigated the potential of LLMs to automatically identify key psychological and
behavioral constructs, particularly persistence, from conversational data generated in a CBA
with middle school English learners. By systematically varying LLM configurations, including
model type and temperature settings, and comparing outputs to human-coded benchmarks, we
sought to evaluate the reliability, accuracy, and construct-specific patterns of LLM-generated
codes. Our findings contribute to the development of scalable methods for leveraging LLMs to
detect constructs associated with learning, offering a promising framework for refining CBAs
and advancing real-time educational analytics. Furthermore, this work is among the first to map
construct characteristics (see Table S1 in Supplemental Materials; see also Liu et al., 2025) to
LLM configurations, providing actionable guidance for researchers for interpreting LLM out-
puts based on construct characteristics.

Preliminary analyses revealed several important trends. Higher temperature settings, which
introduce greater randomness in LLM output, were associated with a larger number of generated
codes but often at the expense of reliability. More abstract or context-dependent constructs, such
as Prior KSAs, were less frequently identified at lower temperature settings, which tend to pro-
duce more deterministic outputs. In contrast, more concrete, behaviorally anchored constructs
like Persistence demonstrated relative stability across temperature variations. These patterns
align with several of the characteristics of the constructs: those with moderate-to-high clarity
and specificity (i.e., Persistence, Self-efficacy, Interest, and Perceived Challenge) generally
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achieved overall higher reliability, though the temperature settings that produced the most reli-
able set of codes varied depending on the construct.

Though many of our hypotheses were supported, several results yielded unexpected findings.
In Supplemental Materials, Table S11 provides a summary of the key findings and Table S12
reports key findings with respect to each hypothesis. First, we found that temperature alone had
minimal effects (H1a partially supported). We predicted differences based on model tempera-
ture settings, though observed little variation in agreement within LLM as a function of
temperature setting alone (Tables S6 and S7 in Supplemental Materials). With that said, we
noted that the mini models varying by temperature appeared to produce a greater range of per-
cent agreement across all constructs (89.55% to 97.15% agreement) than did the regular models
(91.72% to 96.05% agreement; see Table S7 in Supplemental Materials). For structured coding
tasks with explicit rules, prompt constraints may override temperature settings and perhaps the
coding framework provided sufficient guidance that even high-temperature randomness could
not substantially alter outputs. In addition, we found that human-LLM agreement exceeded hu-
man-human agreement for some constructs (H3a not supported). Perceived Challenge showed
zero human-human agreement (x = 0) but high LLM-LLM agreement (x = 0.831-0.893). Fur-
thermore, all correlations with performance were negative (H5b not supported) though we had
predicted positive correlations for Self-efficacy and Prior KSAs based on established theory
(Bandura, 1977; Shapiro, 2004). These negative correlations shown in Table S10 in Supple-
mental Materials instead may indicate that in conversational assessments, expressions of these
constructs are more likely to occur when students are struggling. Students appeared to use ex-
pressions of Self-efficacy or reference Prior KSAs when they were uncertain, a function of
dialogue that differs from traditional self-report measures.

Despite strong agreement between different LLM configurations, alignment between LLM-
generated codes and those generated by the human coders was consistently low, with Cohen’s
kappa values near zero across most constructs and configurations. This finding underscores the
broader challenge of measuring complex, context-sensitive constructs in educational settings
and suggests that LLM-based coding may inherit or even amplify existing problems in construct
operationalization and measurement consistency. Notably, constructs with generally lower rat-
ings for clarity, specificity, and granularity of the operational definition (i.e., Persistence,
Interest, Perceived Challenge, and Prior KSAs) showed particularly low human-LLM alignment
(x ranging from 0 to 0.152), whereas Self-efficacy, with higher coders, exhibited the highest
alignment (x = 0.419). This finding may reflect the fact that humans tend to apply rule-based
systems for coding, in which the rationale of coding in a certain way is explicit, while in contrast,
the LLMs apply codes based on statistical probabilities (Bauer & Zapata-Rivera, 2020). Such
fundamental underlying differences may reflect how different constructs are identified and what
constitutes evidence of the constructs. Scenarios where LLMs tend to achieve high internal con-
sistency but low human alignment in qualitative analysis should not necessarily be interpreted
as evidence of inadequacy of one approach over another. Instead, such patterns may serve as
signals that the construct operationalization itself requires further refinement.

Temperature sensitivity also appeared related to theoretical coherence and clarity; constructs
with moderate theoretical coherence but lower clarity (Persistence, Prior KSAs) benefited from
higher temperature settings, while those with moderate clarity (Interest, Perceived Challenge)
performed better at lower temperatures. Correlations between LLM-generated codes and task
performance further complicated interpretation. The context-dependent nature of these correla-
tions suggests that Persistence, as detected by LLMs, may not always indicate productive
engagement but could instead reflect ongoing student difficulty or confusion. This raises critical
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questions about the construct validity of automated coding and highlights the need to distinguish
adaptive from maladaptive forms of persistence in future analyses.

The low consistency in measuring our chosen concepts, as noted in existing literature (Alex-
ander, 2003; Reninger & Hidi, 2011), was reflected in our low human-LLM agreement. This
supports recent research indicating that LLMs, while promising, struggle with nuanced, cultur-
ally specific, or abstract concepts that require deep contextual understanding (Kuzman &
Ljubesi¢, 2025; Tornberg, 2025). For example, Kuzman and Ljubesi¢ (2025) found that while
LLMs can perform well on some coding tasks, they show significant limitations when dealing
with more abstract concepts. Similarly, Tornberg (2025) highlighted challenges in using LLMs
for coding content that requires a deep knowledge of the social, cultural, and political aspects
of a given context. In contrast, human coders tended to have greater discernment in applying
codes for constructs based on the task context, yet even between the two human coders there
was still considerable inconsistency as the human coders occasionally interpreted coding rules
in different ways. The human coders were also able to provide a rationale for their coding deci-
sions, even when not applied consistently, which in turn could be used to clarify and refine the
coding scheme. Meanwhile, though the LLMs were prompted to provide a justification for ap-
plying certain codes, it remains unclear whether these actually reflect the underlying process
behind the statistical model (Turpin et al., 2023).

Furthermore, the “black-box” nature of LLMs raises concerns about reproducibility and
transparency, especially considering research pointing to the variability in their outputs based
on different prompts and parameter settings. In particular, previous research has found substan-
tial variability in LLM performance across different prompting strategies (Liu et al., 2025), with
some research even finding contradictory results with identical datasets as a result of different
prompting strategies (Anagnostidis & Bulian, 2024). Our observation that temperature settings
affect coding reliability further confirms that model tuning is crucial for balancing interpretive
richness and predictive accuracy.

While persistence is key to self-regulated learning (Skinner et al., 2020; Zimmerman, 2002),
frequent expressions of these concepts in student conversations might actually signal unproduc-
tive struggle rather than positive engagement (Eccles & Wigfield, 2020; Pintrich & De Groot,
1990). This distinction is vital for designing adaptive learning systems. Our results suggest that
LLM-based coding of persistence and related factors is quite nuanced and may require greater
involvement of human raters in order to be carefully interpreted within the specific task and
learner context. Each task’s section-specific patterns also warrant investigation of how construct
expressions evolve throughout a task or during problem-solving steps and whether different
coding approaches might better capture adaptive versus maladaptive manifestations of these
constructs over different timespans.

4.1. IMPLICATIONS FOR HUMAN-LLM COLLABORATION

This study highlights the potential promise and necessary cautions when using LLMs for auto-
mated coding of constructs from real-world conversational data. In particular, it illustrates how
important clear construct definitions, consistent measurement, and context sensitivity are for
both human and Al coding. Furthermore, our findings may emphasize that training humans and
machines for qualitative coding are fundamentally different, requiring careful optimization of
LLM settings and prompts to improve reliability and validity. Human coding differs fundamen-
tally from LLM coding in several ways (see Bauer & Zapata-Rivera, 2020). Humans engage in
an iterative, reflective process, asking clarifying questions, discussing ambiguous cases, and
adjusting their understanding of constructs dynamically. The human coders in the present study
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expressed that they benefited from collaborative dialogue and shared understanding, which
helps resolve disagreements and refine coding schemes over time. This interactive calibration
enables human coders to incorporate contextual nuances, cultural knowledge, and subtle lin-
guistic cues that are difficult for LLMs to capture. This social and discursive dimension of
human coding is absent, or at least not easily captured, in the LLM coding process, where each
output is generated independently without iterative feedback or negotiation. In contrast, the
LLM coding procedure used in the present study involved a one-pass, prompt-driven process
that may not have included the necessary steps for clarification or consensus-building. Conse-
quently, human coding tends to be more flexible and context-sensitive, whereas LLM coding
offers scalability and speed but may struggle with ambiguous or context-dependent constructs.
While LLMs can process large volumes of data rapidly and consistently, they rely heavily on
their training data, the quality of the prompt, and model parameters, and they may produce var-
iable outputs depending on temperature settings and prompt phrasing.

Despite these differences, at the onset our study’s design sought to bridge these differences
by aligning the prompts and coding framework as closely as possible, enabling a comparison of
human and LLM coding performance. Our findings may also challenge an obvious conclusion
that the human-LLM disagreement is evidence of inadequacy of using LLMs for qualitative
coding, with three patterns of findings supporting an alternative explanation. First, LLM con-
sistency exceeded human consistency for relatively poorly-defined constructs. Persistence (with
a low operational clarity rating) showed human-human x = 0.514 but LLM-LLM x = 0.701—
0.818. This suggests LLMs apply coding rules more uniformly than humans, even when those
rules are ambiguous. Second, the clarity of the construct’s operational definition appeared to be
related to overall agreement. Codes for Self-efficacy (a = 0.580) and Perceived Challenge (o =
0.732) showed higher overall reliability than Persistence (a = 0.498) and Prior KSAs (a = 0.544),
aligning with their operational clarity ratings (see Table S1 in Supplemental Materials). This
pattern would not likely emerge if LLM errors were random or entirely construct-independent.
Third, prompt refinement improved human-LLM alignment differentially by construct. Be-
tween Version 1 and Version 2 of coding instructions (see Appendix C in Supplemental
Materials), we added specific behavioral indicators for Persistence (“re-attempting, asking for
clarification, or expressing a desire to keep working”). However, agreement remained moderate,
suggesting that prompt engineering cannot fully compensate for fundamental construct ambigu-
ity. These findings have important implications for educational measurement. Rather than
viewing LLMs as inadequate substitutes for human coders, researchers could recognize their
use as diagnostic tools that reveal construct operationalization problems. When LLMs show
high self-consistency but diverge from humans, this signals the need for better construct defini-
tion rather than better prompts.

Our findings also point to several areas for improvement that could enhance the consistency,
transparency, and interpretability of LLM-generated codes. These include refining prompt spec-
ificity, clarifying coding definitions, and leveraging examples to reduce ambiguity in category
boundaries. Furthermore, incorporating iterative prompt testing and feedback loops may further
align LLM outputs with human judgment. Such refinements are critical for advancing the relia-
bility of human—LLM collaboration in qualitative data analysis, especially when applied at scale
or in high-stakes educational contexts. By using predefined codes as a starting point for coding
as well as including human review and validation, educational researchers and practitioners can
achieve more efficient, consistent, and transparent qualitative analyses. This collaboration may
advance theoretical models of persistence and self-regulated learning by identifying linguistic
signs of unproductive struggle and clarifying how these concepts appear in authentic student
dialogue (see Graesser & McNamara, 2010).
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Our findings point to several potential opportunities for humans and LLMs to collaborate
and further identify constructs such as persistence in complex conversational data. LLMs can
quickly process large amounts of conversation data, generate initial codes, and flag potential
instances of specific concepts. Human experts, with their deep understanding of context, culture,
and subtle meanings, can then review, refine, and interpret these initial outputs, focusing their
expertise where it’s most needed. Such collaboration could make manual coding less labor-
intensive, improve consistency by giving humans a starting point for coding, and make the cod-
ing process more transparent by documenting the human-Al interaction (Chew et al., 2023;
Dunivin, 2025). Human coders can also guide LLM tuning, adjusting settings like temperature
and prompt design to get better coding quality for specific concepts. Our findings on temperature
sensitivity and how different concepts are coded offer practical advice for setting up human-
LLM workflows. For example, more deterministic LLM settings might be better for concepts
where precise prediction is key, while more exploratory settings could help human coders dis-
cover new themes. Training humans versus training machines for qualitative coding is
fundamentally different, and decisions concerning the prompt as well as the model configuration
are non-trivial. Future research should explore interactive coding platforms that allow humans
and Al to work together in real-time, clarifying codes and reaching consensus, much like human
coding teams do. These findings may also point to the need for an iterative refinement process
for improving both human calibration and automated classification performance.

With respect to the identification of complex and operationally ambiguous constructs such
as persistence, our study may point to several actionable steps. For the constructs of persistence
specifically, developing task-specific taxonomies that distinguish types of persistent behavior
(e.g., strategic re-attempting vs. repetitive trial-and-error) rather than treating persistence as a
unitary construct. For example, in Appendix D (Supplemental Materials), we present one pos-
sible taxonomy based on the findings and through discussions with coders from the present
study.

4.2. LIMITATIONS

Several factors limit how broadly our findings can be applied. The qualitative nature of this
study and the specific dataset mean our results might not apply to all situations. Future research
should include larger, more diverse groups of students and different subject areas. The short and
often minimal student responses may have made coding challenging for both humans and
LLMs. Furthermore, given the population the tool was designed to serve includes English lan-
guage learners, the students may have been more likely to use non-conventional language.
Additionally, the data used in this study was derived from a conversational system reflecting
less dynamic conversational exchanges than between humans or between humans and current
LLM-powered conversational systems, which may facilitate richer exchanges.

Nearly all constructs in the present study received relatively low consistency estimates across
coders. This issue appears to be particularly reflected in overall low human-LLM alignment.
For example, kappa values for human-LLM comparisons were consistently zero or near zero
across all constructs and configurations. This finding highlights the broader challenge of con-
struct measurement in educational contexts and suggests that LLM-based coding applications
may inherit and even amplify existing challenges in measuring such constructs. For example, it
remains difficult to separate highly related concepts, especially without very clear definitions
provided to coders. Future work should focus on developing clearer operational definitions and
better training for coders to improve how well different concepts can be distinguished (Miles et
al., 2014). High percent agreement in such cases may reflect agreement on the dominant (often
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negative) category, rather than true shared understanding of the construct (Feinstein & Cicchetti,
1990). This phenomenon, often referred to as the “prevalence paradox,” occurs when the ma-
jority of coded instances fall into a single category, typically the absence of a behavior or
construct. In these situations, both raters (or human or LLM) are likely to agree simply because
most responses are negative, not because they are applying the construct in the same way when
it is present. As a result, percent agreement becomes inflated and does not accurately reflect the
reliability of identifying the less frequent, but theoretically meaningful, positive cases. The lit-
erature demonstrates that Kappa is sensitive to this imbalance: it discounts agreement on the
dominant category and places greater weight on agreement for the less common, positive cases,
which are more informative for construct validity (Gwet, 2008). Thus, a high percent agreement
alongside a low Kappa value signals that the observed consistency is superficial and may mask
substantial differences in how raters interpret and apply the construct, especially in the critical
instances where its presence is most relevant.

We would also like to note that the factors which contributed to the study’s primary limita-
tions that affected the consistency of codes may also serve as a contribution: we deliberately
examined constructs with varying operational clarity, including Persistence, which has well doc-
umented definitional variability (Sparks et al., 2025). While this decision likely had a negative
impact on our agreement and reliability statistics, producing values lower than studies focusing
solely on well-defined constructs, our findings may also provide somewhat realistic estimates
of LLM performance across the range of constructs educational researchers may actually be
interested in identifying in naturalistic learning contexts. Rather, these findings demonstrate that
ambiguity in the operationalization of constructs affects all coders, and that LLMs make this
ambiguity more visible through their consistent application of whatever interpretative frame-
work being derived and applied from the prompt.

4.3. FUTURE DIRECTIONS

Future research should address biases and context-specific challenges to improve the reliability
and validity of LLM-driven qualitative analyses. One potential direction is to separately explore
how the codes derived based on expressions from pedagogical agents relate to students’ own
expression of certain constructs, as well as performance and learning, and how such factors vary
throughout the task as evidenced by multimodal data sources including process data (see Ber-
nacki, 2018). With regard to methodological improvements, processing smaller data segments
in batches (Lin et al., 2023), using multiple LLM agents for coding as in a multi-agent system
(Rasheed et al., 2024), or only coding instances where the LLM is highly confident (Li et al.,
2024), could potentially help mitigate errors due to hallucinations and biases, and ultimately
improve accuracy. Integrating different types of data, including response time and physiological
measures, could also enrich how concepts are measured and interpreted (D’Mello & Graesser,
2012). Further exploration is needed into how concept expressions change during problem-solv-
ing, with a focus on distinguishing between helpful and unhelpful forms of persistence. Finally,
developing transparent and understandable frameworks for Al-assisted qualitative coding will
be crucial for wider adoption and trust in these new methods.

4.4. CONCLUSION

This study contributes to a growing understanding of qualitative approaches in educational re-
search by exploring the capabilities and limitations of LLMs in identifying complex
psychological constructs from complex conversational data. While our findings highlight chal-
lenges in achieving direct human-LLM alignment, they underscore the important role of human
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discernment in human-LLM collaboration. Further research in this area may help to identify
new avenues for analyzing rich educational data, refining assessment tools, and gaining deeper,
more actionable insights into student learning processes that ultimately support learners.
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